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ABSTRACT
Author: Ngunjiri, Mercy, W. PhD
Institution: Purdue University
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Title: Mapping Soils of the Uasin Gishu Plateau, Kenya with Limited Data using a KnowledgeBased Inference Mapping Approach.
Committee Chair: Darrell G. Schulze

Kenya has a current population of ~47 million people living on an arable land area of ~56,000
km2 (~1.7 times the area of Indiana). With an annual growth rate of ~800,000 people, there is
tremendous pressure on the soil resource to produce more food. Understanding the available soil
resources is important to increase and sustain agricultural productivity. Soil surveys made with
traditional approaches are too expensive, and new surveys must rely on limited data, legacy
information and new digital mapping techniques. We used three knowledge-based inference soil
mapping approaches to predict soil types and properties for the Uasin Gishu Plateau in western
Kenya. Available data included legacy soil surveys, expert knowledge, aerial imagery, terrain
attributes, and landform pattern recognition and classification based on geomorphons. Terrain
attributes, including slope gradient, multi-resolution valley bottom flatness index, multiresolution ridgetop flatness index, topographic position index, elevation, and profile curvature,
were calculated from the Shuttle Radar Topographic Mission (SRTM) 30 m digital elevation
model (DEM) and then used to quantify soil-landscape relationships. The k-means clustering and
fuzzy logic soil mapping approaches were utilized to model soil-landscape relationships to
produce raster-based maps of predicted soil types, effective soil depth, soil moisture storage
capacity, and soil drainage classes. The fuzzy logic soil type map performed slightly better
(kappa coefficient, k = 0.68; overall accuracy = 0.76) than the map based on k-means clustering
analysis (k =0.59; overall accuracy=0.68). The accuracy for the effective soil depth map based

xii

on fuzzy logic was better (R2 = 0.56; RMSE = 11; ME = 1.1) compared to the best existing soil
map (R2 = 0.34; RMSE = 27; ME = 8). The third mapping approach was based on landform
pattern recognition and classification using geomorphons calculated from the 30 m SRTM DEM
using the module r.geomorphons “add-on” in GRASS GIS with look up distance (L) values of
10, 20, 30, 40, 50, 60, 70, 80, 90 and 100 cells and a flatness threshold of 0.5 degrees. An L
value of 20 cells performed best (k = 0.52; overall accuracy = 0.62) followed by an L value of 30
cells (k = 0.50; overall accuracy = 0.58). The L value of 30 cells, however, better captured the
geomorphology and soil-landscape relationships based on expert knowledge, legacy data, and the
fact that the bottomlands pattern was more continuous than for an L value of 20 cells. Of the
three approaches, the fuzzy logic approach performed better and produced a map that best
represents the soil-landscape relationships on the Uasin Gishu Plateau. The results of these
studies produced more spatially detailed, higher resolution soil maps compared to the existing
soil maps, and these new maps are likely to be more useful for soil, crop and land use
management decisions.
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CHAPTER 1. INTRODUCTION

1.1

Introduction

“Soil security refers to the maintenance and improvement of soils worldwide so that they can
continue to provide food, fiber and fresh water, contribute to energy and climate sustainability
and help to maintain biodiversity and protect ecosystem goods and services.” (Koch et al., 2012).
Soil degradation such as soil erosion and fertility loss is a major global soil crises especially with
rising global population (Koch et al., 2012; ISRIC, 2012). Continued population growth means
increasing pressure on the environment and on energy and food resources, that would require the
world to produce more food (Food and Agriculture Organization, 2015; Foley et al., 2011). The
maximization and optimization of the soils resource base, although finite in nature, will be one of
the major solutions for meeting global food demand. This can be achieved through the
development and adoption of well-informed, science-based, soil and land use management
approaches and practices.
One of the ways to address soil degradation related issues is through production and provision of
useful soils information to farmers. There is much useful soils information in Kenya produced
using traditional soil survey methods, but the scale and resolution of this information is not
sufficient for smallholder farmers to make informed decisions on their fields. Most Kenyan soil
maps are in the form of polygon-based maps that were hand drawn by soil scientists based on
their expert knowledge developed during reconnaissance field surveys. These traditional soil
survey methods focused on the physical and morphological differences of soils. The most
detailed maps for most areas have scales no greater than 1:100,000. These maps can be used as a
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first basis for making general decisions for soil conservation and soil management and for
general assessments such as land suitability for arable cropping and irrigation development
(Sombroek et al., 1982).
Digital soil mapping (DSM) approaches can be used to enhance existing soil maps, particularly
in areas where current soil maps are only very general. DSM techniques produce maps that
represent soils as natural bodies that vary continuously across landscapes (McBratney et al.,
1992; Oliver and Webster, 1990). DSM techniques in combination with high resolution spatial
data such as satellite imagery, provide an opportunity to generate raster-based soil maps that not
only conform to the landscape and expert knowledge, but are also compatible with hydrologic
modeling (Libohova et al., 2010). These techniques try to extract local spatial variability that
may have been under-represented in existing soil maps. DSM is a way to optimize soil mapping
through the use of quantitative techniques for spatial prediction and analysis (McBratney et al.,
2003). Just as in the traditional soil surveys, DSM is able to use knowledge of soil-environment
relations and make useful spatial inferences (Scull et al., 2003).
The goal of this research was to develop raster-based soil type and property maps of the Uasin
Gishu Plateau in western Kenya at higher spatial resolution than existing soil maps. This was
accomplished by utilizing a knowledge-based inference mapping approach of DSM with limited
data. Terrain attributes derived from a Digital Elevation Model (DEM), landform pattern
recognition and classification from geomorphons, existing soils information, expert knowledge,
and aerial imagery were used as inputs into the mapping process. This study presents both
qualitative and quantitative analysis of soil-landscape relationships in order to capture the
different soil patterns, or variations, across landscapes.
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In the first study, terrain attributes are calculated from a Digital Elevation Model (DEM) to
quantitatively describe how water is redistributed across the landscape to bring about different
soil patterns. The terrain attributes are then combined with legacy data, aerial imagery and fieldbased knowledge of soil classes and properties and distributions to create a digital soil map. This
approach tries to capture soil spatial variation by generating a unique prediction of the soil types
and properties for each square pixel, and hence, it also addresses the issue of local spatial
variability which was under represented in the existing soil information and in the cumulative
tacit knowledge acquired during the traditional soil surveys.
In the second study, we utilize landform pattern recognition and classification using
geomorphons in combination with legacy data and field-based knowledge of soil types and
distributions to produce more detailed, high resolution raster-based soil type maps than the
existing soil type maps. Landform classification provides information that is fundamental for
understanding the physical, chemical and biological processes in both surficial environmental
and hydrologic processes, and hence can be used to quantify soil variation across landscapes.
Geomorphons provide a relatively fast but consistent way of soil mapping compared to the more
comprehensive methods used in the first study.
The review chapter focuses on assessing the availability and accessibility of soils information for
farmers in Kenya. This review considers the past, current, and potential available soils
information available to farmers in the form of both traditional and digital soil maps, and the
efforts and challenges faced by researchers, scientists and extension officers working in research
institutions, government agencies, and non-governmental organizations in providing more soils
information to farmers. The study suggests application of knowledge-based inference mapping
approach of DSM with limited data presented in the studies above. We also suggest improved
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delivery mechanisms for soils information using e-extension based on cell phone networks in
Kenya.
1.2

Specific objectives
(i)

Develop digital soil type and properties maps at 30 meter resolution based on
terrain attributes derived from a digital elevation model (DEM), existing soils
information, expert knowledge and aerial imagery.

(ii)

Utilize the geomorphons landform pattern recognition approach to develop a soil
class map based on classification of terrain morphology from a DEM.

(iii)

Review on the availability and accessibility of soils information by farmers in
Kenya.

The major hypotheses of this study is that continuous raster-based soil class maps produced from
DEM derived terrain attributes, landform pattern recognition, legacy data, expert knowledge and
aerial imagery can better quantitatively capture soil spatial variability across landscapes than
traditional polygon-based soil maps.

1.3

Organization

This dissertation is organized into six chapters. The first is the introductory chapter and the
second focuses on the literature review. The following three chapters (chapters 3 to 5) each
address objectives i to iii of the study and are organized and formatted as stand-alone
manuscripts, with the result that the figure illustrating the study area is reproduced in both
chapters 3 and 4. The sixth chapter discusses the overall conclusions and future work.
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CHAPTER 2. LITERATURE REVIEW

2.1

Kenyan Agriculture

Agriculture is the mainstay of most of the countries in Sub-Saharan Africa, Kenya included.
About 80 % of Kenya’s population relies on agriculture for livelihood and employment. Seventy
percent of Kenya’s merchandise exports are agricultural products (Pearson, 1995), dominating
the country’s economy and accounting for about a third of the gross domestic product (Muriuki
et al., 2001). Kenya’s population is estimated to be about 47.6 million as of May 2018 (World
Fact book-CIA, 2018) and has a projected growth rate of about 800,000 people per year (World
Fact book-CIA, 2017). In 2015, the United Nations highlighted Kenya as one of the fastest
growing economies in Africa. Many challenges remain, however, especially in declining
agricultural production and sluggish demand for exports (World Bank, 2015).
Kenya has a landmass of about 569,140 square kilometers (~ 6 times the land area of Indiana),
but only about 9.8 % (approximately ~ 1.7 times the land area of Indiana) is arable (World Fact
book-CIA, 2018). Over 80 % of the country consists of arid and semi-arid lands (ASALs) with
low agricultural potential (World Bank, 2012). About half of the ASALs is used for nomadic
pastoralism. The rest of the ASALs (50 %) can support some commercial ranching and irrigated
agriculture but with added technological input which is limited due to high poverty levels (Orindi
et al., 2007). National food security is a key objective in the agricultural sector, especially with
the fast growing population (KARI, 2012). In order to boost agricultural productivity and reduce
the extent and depth of food insecurity for a growing population, there is critical need to address
issues related to sustainable agricultural intensification utilizing available soil resources.

6
2.2

Concept of soil survey

“Soil survey refers to “a systematic examination, description, classification, and mapping of the
soils in a given area” (Brady and Weil, 1999). A soil survey describes the characteristics of the
soils in a given area, classifies them according to a standard nomenclature, delineates the soil
boundaries on a map, and makes predictions for the behavior of the specific soils (Soil Survey
Division Staff, 1993).
The variation of soil types and properties from place to place is not random. In 1941, Hans Jenny
described a system of quantitative pedology by defining the soil as a function of five major soil
forming factors: climate (cl), organisms (o), relief (r), parent material (p) and time (t) (Jenny,
1941). This is referred to as the soil state model,
s = f (cl, o, r, p, t …)

(1)

where s = soil and the other variables are as defined above. The ellipses (…) indicate that
additional factors may also be important in some situations.
We can say, for the most part, that whenever these five soil forming factors are the same, the
soils are similar, even in different places given that similar soils occur under similar
environments (Soil Survey Division Staff, 1993). It is, however, often the case that at a field
scale, climate, organisms, parent material and time are constant, and relief is the only varying
factor. This is embodied in the catena concept. In 1935, Milne described how soils follow
predictable, repeatable patterns related to topography (Milne, 1935a, 1935b). A catena is an open
system which has continuous input and output processes. Erosion is higher on the steeper slopes
and deposition of the eroded materials occurs on lower slopes. Using this concept, we can predict
how soils form in a series of topographic sequences, or topo-sequences, by quantifying relief or
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topography to capture how water is redistributed across the landscape to bring about different
soil patterns.
2.3

Traditional soil survey

Traditional soil survey methods rely on the concepts of Jenny (1941). It is difficult to quantify
many of the factors of soil formation, so soil scientists develop conceptual models of the soil
landscape based on their experience in an area. These conceptual models allow them to identify
key indicators that marks transitions from one soil type to another. It may be thought of as a
modeling exercise that involves scientific methods and an element of art (Wilding, 1985). Over
the past 30 years, traditional soil survey methods have been challenged as being too qualitative,
and hence, quantitative models are being developed to describe, classify and study the spatial
distribution of soils using digital soil mapping (DSM) techniques (McBratney et al., 1997).
2.4

Digital soil mapping

Digital soil mapping (DSM) is a soil mapping approach that utilizes available soils information
and related environmental variables to capture spatial and temporal variation of soil types and
properties (Lagacherie and McBratney, 2007). It is a great advancement in processing and
delivering of soil survey information compared to traditional soil survey methods, although there
is a lot of skepticism, as in any new technology (Hartemink et al., 2008). Development of new
tools such as geographic information systems (GIS), global positioning systems (GPS), remote
and proximal soil sensors, and digital elevation model (DEM) data sources have led to the
invention of new ways to spatially assess the soil resource which promises to reduce the
constraint of limited available soils data (McBratney et al., 2003). There are various spatial
prediction approaches or models that have been used to quantitatively fit relationships between
soil types and properties and their environment. These can either be data-driven (the pedometric
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approach) or knowledge-based approach. Pedometric mapping relies on use of statistical
methods such as generalized linear models, classification and regression trees, neural networks,
fuzzy systems and geostatistics, and requires densely sampled data. It is more quantitative and
automated as compared to the knowledge-based approach. Knowledge-based approaches aim to
effectively utilize the soil scientist’s knowledge and try to accommodate the conventional soil
survey mapping process and standard, while at the same time reducing the inconsistencies and
costs of traditional soil survey methods (Zhu et al., 2001; Shi et al., 2004). A general DSM
workflow is shown in Fig. 2.1.
2.4.1 The SCORPAN model
The pedometric DSM approach utilizes quantitative predictive models. The generic framework
that is relevant for use where soil information is limited is known as the scorpan-SSPFe model
(soil spatial prediction function with spatially autocorrelated errors) method. It is based on seven
"scorpan" factors that build on Jenny’s (1941) soil forming factors. The scorpan model can be
written as:
Sc= f (s, c, o, r, p, a, n) or Sa= f (s, c, o, r, p, a, n)

(2)

where Sc is a soil class and Sa is a soil attribute, s (soil) is a soil class other or previously
measured attribute at a point, c (climate) are the climatic properties of the environment at a point,
o (organisms) includes land cover and natural vegetation, r (topography) the terrain attributes
and classes, p (parent material) the soil parent material including lithology, a (age) the time
factor, and, n (space), the spatial or geographic position. Soil is included as a factor since it can
be predicted from itself whether in the form of soil classes or soil properties. This can either be
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from a prior map, expert knowledge or from remote or proximal sensing (McBratney et. al.,
2003).
The scorpan-SSPFe method essentially involves defining the soil attributes of interest, the
resolution and block size, assembling the data layers, decomposing the data layers spatially,
sampling of the assembled data to obtain data sites, GPS sampling and laboratory analysis to
obtain soil class or property data, fitting of quantitative relationships with autocorrelated errors,
prediction of a digital map, and quality testing and corroboration through field sampling and
laboratory analysis (McBratney et al., 2003).
2.4.2 Pedometric statistical methods
Statistical methods provide a quantitative approach to predict soil classes, and/or soil properties
using mathematical relationships developed using co-varying properties, and/or spatial
geographic location. Spatial interpolation or mapping refers to the process of estimating the
values of a target quantity at unvisited locations and applying to a whole study area (Hengl et al.,
2004). Soil attributes can be spatially predicted by spatial interpolation between soil observation
locations. Since the late 1960’s, there has been emphasis on use of spatial interpolation in the socalled geographic or purely spatial approaches. These approaches are purely based on
geostatistics. (McBratney et al., 2003).
The nature of spatial data likes soils is to show the continuous natural variation as observed on,
above, or below the earth’s surface. The properties associated with these data is, however,
usually fragmentary because we can only observe at a finite number of the infinity of possible
locations. This is also the case with satellite imagery where there is a need to sample because
there are too many data to analyze at any given time (Atkinson et. al., 1990). The continuous
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nature means that the values at sites that are close together in space are more likely to be similar
than those farther from one another, that is, they depend on each other in a statistical sense
(Oliver and Webster, 1990). Spatial interpolation therefore becomes an important method of
analyzing data of such nature.
Traditional methods of interpolation include global approaches such as trend surface analysis and
local interpolation techniques such as low order polynomials, spline functions (Hayes, 1970;
Wahba, 1979), polyhedra (Bengtsson and Nordbeck, 1964), Delauney's triangulation (Sibson,
1981), and weighted moving averages (Burrough,1986). In general, the disadvantages associated
with all these techniques include the implicit assumption of spatial dependence in the data, no
account of the form of the spatial variation, results seeming crude and prone to fluctuation, and
no provision for estimating the errors incurred (Oliver and Webster, 1990).
In modern methods of interpolation, the spatial structure of variation of soils is explained in the
regionalized variable theory that allows us to take different spatial aspects of spatial properties
through a stochastic approach. The regionalized variable theory assumes a constant local mean
and a stationary variance of the differences between places separated by a given distance
(Matheron, 1974). The variance of the differences, usually denoted by ɣ, is the semi-variance: it
is half the expected squared difference between two values. Formally,
var [z (x)- z (x+ h)] =E [{z (x)- z (x + h) }2] = 2y (h)

(3)

Where z (x) is the value of some property z at position x and z (x + h) is the value at (x + h).
This regionalized variable theory forms the basis of modern interpolation methods like kriging.
The variogram, also called the semi-variogram, is central to regionalized variable theory and is
essential for kriging. The variogram summarizes the general form, magnitude and spatial scale of
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the variation. It depends on the size, shape and orientation on which the individual measurements
are made. When estimating soil properties, the variogram is commonly fitted using an
exponential or spherical function.
2.4.2.1 Kriging
Kriging is a method of spatial interpolation that provides a geostatistical approach in digital soil
mapping. It utilizes the concept that natural properties on the earth’s surface like soil vary
continuously, and that due to this continuous variation nature, locations that are spatially closer
together are more likely to be similar then those farther apart (Oliver & Webster, 1990). Kriging
is essentially a method of estimation by local weighted averaging. The kriging estimate of
variable Z at the un-sampled location 𝒙𝟎, 𝒛̂ (𝒙𝟎), is a linear weighted sum of n observations at
sample locations surrounding the estimate

𝒛̂ (𝒙𝟎) = Σ 𝝀i 𝒛 (𝒙𝒊)

(4)

Where (𝒙𝒊) is the known value of variable 𝒛 at the sampled location 𝒛 (𝒙𝒊), and 𝝀𝒊 is the weight
(Oliver and Webster, 1990). The kriging weights, 𝝀𝒊, are determined from a variogram model.
Kriging embraces a set of methods for local estimation. These include ordinary kriging, cokriging, universal kriging and disjunctive kriging. Ordinary kriging uses only the distance
between known sample locations and the property values at those points to make estimates at the
unknown locations. It assumes a constant mean and stationary variance. Co-kriging is a logical
extension of ordinary kriging where two or more variables are interdependent and the one whose
values are to be estimated is not sampled as intensively as the others with which it is correlated
(Myres 1982; Oliver and Webster, 1990). Universal kriging is used where the variation
comprises of a drift, or the variation, and a random component (Olea, 1975). Disjunctive kriging
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is a more advanced tool and provides minimum variance estimates of a property through nonlinear combinations of the data and determines the probability that the true value equals or
exceeds some defined threshold (Yates et. al., 1982; Oliver and Webster, 1990).
2.4.3 Knowledge-based systems
Knowledge-based systems, also called expert systems, provide ways of harvesting and
engineering knowledge in soil classification (Dale et al., 1989; McBratney et al., 2003).
Computerized expert systems can be used to improve soil classification systems in contrast to the
computer-based methods of soil taxonomy which ‘appear to have too many problems associated
with it to be of significant use in computerized soil classification’ (McCracken and Cate, 1986).
The inductive and deductive elements of expert systems seem to correspond to the class
establishment and assignment phases of soil classification (Dale et al., 1989).
Classification is a user-defined process where a ‘natural’ classification that reflects the process
generating the variability in the observations, so far as they are known, is required. The
underlying processes describes a continuum and hence does not produce discrete outcomes in
most cases. In such cases, classification into crisp, or overlapping classes may not be appropriate.
The establishment and assignment of classes are two distinct and separate terms in the sense that
the establishment of classes is logically an operation different from the determination of rules by
which new observations might be assigned to the classes. While these two terms are different,
pedologists use both to imply soil classification (Williams and Dale, 1965). Pedologists use
hierarchies in soil classification but these are not always useful especially for organizing
complexity. In such a case, use of some crisp classes for simple understanding then extending
this to more complex and realistic models is more feasible, provided we know the underlying
processes causing variation (Dale et al., 1989).
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Soil maps and legends are representations of structured knowledge which is the surveyor’s tacit
knowledge written down (Bui, 2003). Structuring of a nested hierarchy followed by inference
and formalization of knowledge rules provides a methodological framework to formalize the
surveyor’s soil-landscape knowledge (Bui, 2003; Wielemaker et al., 2001). The Prospector
(Duda et al., 1978), Expector (Skidmore et al., 1991; Cook et al., 1996) and Netica are principal
attempts to formally make such knowledge rules. The Expector develops a network of rules by
constructing quantitative statements about individual soil properties which builds on the existing
surveyor’s knowledge. Bayesian inference is used to assign the varying probability that a given
soil property occurs within an area, provided that there is evidence that relates to it in a known
way. Parent material, landforms or vegetation are some of the acceptable attributes that can be
used as evidence. The uncertainty associated with it is used as the weighted measure of the
evidence and this is integrated into the process to produce a single prediction, or estimate, of
probability of a given attribute. The evidence-prediction relationship is explicitly stated at each
stage of the process and hence, repeatable in a consistent way (Dale et al., 1989).
2.4.3.1 Clustering
Clustering is used for grouping similar data samples in database where the data structures are
unknown. The k-means (KM) clustering method, also known as “hard” or crisp clustering, is
one of the simplest methods of classification that utilizes unsupervised learning algorithms
(MacQueen, 1967). KM is used where unlabeled data needs to be clustered or grouped into a
certain number of clusters (assume k clusters) that is fixed a priori. Each of these clusters has n
data samples characterized by d parameters with defined k centroids. Thus, it aims to partition
data into a given number of clusters that are mutually exclusive which implies that a data sample
can be a member of only one cluster. The centroids are determined based on a certain
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combination of parameters contained in each data sample. The algorithm partitions a group of
data points into a small number of clusters by assigning a cluster to each data point based on
minimum distance from the centroid of the cluster. KM uses the square of Euclidean distance
and finds the best centroids by alternating between assignment of data points to clusters or
groups based on the current centroids and selection of centroids based on the current assignment
of data points to those clusters. It is based on location of points and their mutual distances, hence
is a method of vector quantization. A database for clustering and number of clusters are required
as input data. Also, the maximum number of iterations and sensitivity thresholds should be
defined before clustering. In soil mapping, KM clustering method provides a quantitative method
for identifying the distribution of environmental covariates into clusters to predict soil-landscape
relationships that define different soil types and properties. KM is given by the equation:
𝐾𝑀 =

𝑛
1
∑ 𝑚𝑖𝑛𝑗 (𝐷𝑖𝑗2 )
𝑛
𝑖

(5)

where: n is the number of raster cells and ∑𝑛𝑖 𝑚𝑖𝑛𝑗 (𝐷𝑖𝑗2 ) is the minimum of the squared
distances between i th cell and all cluster centroids.

2.4.3.1 Fuzzy logic
The fuzzy logic approach of soil mapping is based on a similarity model to represent soil spatial
variation. The Soil Land Inference Model (SoLIM) is useful in predicting qualitative and
quantitative soil-landscape relationships (Zhu et al., 2010) using the fuzzy logic approach of
mapping. Threshold values for the fuzzy membership distribution created for each of the terrain
attributes are utilized based on similarity vectors. In SoLIM, the assignment of membership
values is done once the membership values are generated for each grid cell location for each
terrain attribute in each cluster or soil class. For example, 5 soil clusters or classes produced from
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2 terrain attributes would give 10 membership values, 2 for each class. Liebig’s law of the
minimum (growth is controlled not by the total amount of available resources available, but by
the scarcest resource) is followed to determine the overall membership in each class by selecting
the lowest of the terrain attribute membership, in the concept of that the terrain attribute with the
lowest membership limits the soil class’s development at a given location (Zhu et al., 1996).
Hardening is then done such that each grid cell is assigned to the class with the highest
membership value to produce a fuzzy soil class map.
2.5

Remote sensing applications in soil science

Remote sensing techniques have been used in soil studies to predict soil classes and soil
properties as in the use of orthophotographs introduced in the 1970s. Orthophotographs are
geometrically corrected aerial photographs that display ground features at X, Y coordinate
locations. They are used by soils scientists as part of soil survey and mapping. Earlier, soil
scientists utilized this technology by drawing soil boundaries around the areas with varying
image reflectance (Mulders, 1987). The advancement of remote sensing technologies has led to
the increase in use of satellite imagery in soil science, which is integrated along with other
technologies like GIS and digital elevation models to produce soil maps (Dobos et al., 2001).
Integrating satellite imagery into DSM is promising especially with limited soils data. It not only
helps to reduce the cost of carrying out soil surveys, but also gives a more accurate model output
of soil class maps at a regional scale. It also addresses the issue of local spatial variability and
hence makes it more useful, effective and applicable at a local scale, where smallholder farmers
can make useful and informed decisions on soil and land use management practices.
Remote sensing techniques in soil mapping can be used to infer soil properties and soil variation
from observations of the bare soil and partially obscured soil surfaces. Various studies have been
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conducted using a wide variety of space borne sensors to map soils (Metternicht and Zinck,
2003; Metternicht et al., 2005, 2010; Mulder et al., 2011, Vrieling, 2006; Joyce et al., 2009). The
use of ancillary data such as topography, vegetation, climate, parent material, field data, and
laboratory data are important approaches for inferences about soils and their properties and also
for validation purposes. For instance, topographic information can be obtained from a digital
elevation model (DEM) and soils can be quantitatively modeled by integrating the information
derived from the DEM with the satellite data. Principal component analysis (PCA)
transformation is usually conducted to reduce the number of bands and any unnecessary data that
could cloud the classification. PCA produces an uncorrelated set of output bands which
decreases the dimensionality in the data set (Lillesand et al., 2004). This is followed by
normalization of the PCA images and terrain attributes then a supervised and/or unsupervised
image classification is done. This integrates remote sensing into the field of digital soil mapping
(DSM). In other words, remote sensing can be thought as complimentary to DSM (Dewitte et al.,
2012).

Figure 2.1. General digital soil mapping workflow.

17

CHAPTER 3. PREDICTING SOILS TYPES AND PROPERTIES
WITH LIMITED DATA IN THE UASIN GISHU PLATEAU,
KENYA.

3.1

Abstract

Digital soil mapping (DSM) approaches can be used to create new soil maps or enhance existing
maps, particularly in areas where only very general soil maps are available. In this study, we
utilized a knowledge-based inference soil mapping approach to develop a first generation digital
soil map for part of the Uasin Gishu Plateau in western Kenya. Knowledge-based inference soil
mapping integrates environmental covariates with existing soils information obtained from
historic soil surveys and from expert knowledge. This approach works efficiently with limited
data, which is often the case in emerging economies like Kenya, while at the same time rescuing
legacy data and expert knowledge that is at risk of being lost. The following environmental
covariates derived from the Shuttle Radar Topographic Mission (SRTM) 30 m digital elevation
model (DEM) were selected for establishing and quantifying soil-landscape relationships: slope
gradient, multi-resolution valley bottom flatness index (MrVBF), multi-resolution ridgetop
flatness index (MrRTF), topographic position index (TPI), elevation, and profile curvature.
These covariates were used along with existing soil information and expert knowledge from soil
scientists familiar with the area to produce new raster-based maps of soil types, effective soil
depth, soil moisture storage capacity and soil drainage. The soil type maps predicted using
clustering analysis and fuzzy logic methods showed good agreement with field observations
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based on the overall accuracy values. The fuzzy logic map performed slightly better (kappa
coefficient (k) = 0.68; overall accuracy = 0.76) than the map based on clustering analysis (k =
0.59; overall accuracy = 0.68). The accuracy for the effective soil depth fuzzy logic map was
better (R2 = 0.56; RMSE = 11; ME = 1.1) compared to the existing soil map (R2 = 0.34; RMSE =
27; ME = 8). The results of this study generated more detailed and improved predictions of soil
types and properties at 30 m grid resolution which are likely to be more useful for soil, crop and
land use management decisions.
3.2

Introduction

Traditional regional land use analyses are often based on qualitative assessments depending
largely on experience and intuitive judgement (Food and Agriculture Organization, 1976). Most
traditional soil survey products provide qualitative information useful for making general
decisions on soil conservation and management, land suitability for crops, and irrigation
development, but not for detailed land use planning and management (Kravchenko et al., 2006a;
McBratney et al., 2000, Sombroek et al., 1982; Ziadat, 2005). More quantitative soil survey
methods are required and are becoming available (Bouma et al., 2007; Stoorvogel and Antle,
2001).
Due to their small scales, discrete nature, and unavailability of auxiliary information at the time
of survey, many traditional soil surveys provide soils information that is a simplification of
existing knowledge (Zhu et al., 2001). Traditional soil survey methods are labor-intensive and
time consuming due to the large number of field observations needed. They are also unable to
meet the current requirements of many applications in environmental modeling and land
management because they were not designed to provide the high resolution soils information that
is needed for such applications (Zhu et al., 2001). Many times, there are incompatibilities
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between the format and detail of traditional polygon-based soil maps and outputs from detailed
digital terrain and remote sensing analysis (Band and Moore, 1995; Zhu 1996; Zhu 2000).
Recent advances in digital soil mapping (DSM) have resulted in alternative approaches to mapping
soils and soil properties that, although still simplified, are spatially more detailed and continuous.
There is, however, a wealth of expert knowledge accumulated during traditional soil survey
campaigns that is often underutilized and not fully captured by published soil maps and these
traditional soil surveys can be used to provide useful information for digital soil mapping.
The unprecedented demands on the soil resources calls for the integration of both existing and
new soils data and information. In emerging economies in particular, there is a real risk of
existing soils information and expert knowledge being lost or forgotten due to fragmentation,
damage from physical deterioration of paper-based maps and published surveys, and costs for the
maintenance and protection of the storage buildings from risks such as fires and storms
(Arrouays et al., 2017). Loss of such valuable information can be devastating because the soil
resource base is critical to solving many major global food security issues. Many countries
cannot afford to collect and analyze new soil data and information due to high costs. Arrouays et
al. (2017) describe the current status of efforts to rescue and compile soils data for future use.
Digital soil mapping approaches can be used to create new soil maps or enhance existing maps,
particularly in areas where only very general soil maps are available. DSM techniques produce
maps that represent soils as natural bodies that vary continuously across landscapes (McBratney
et al., 1992; Oliver & Webster, 1990). DSM techniques, in combination with high resolution
spatial data such as satellite imagery and digital elevation models, provide an opportunity to
generate raster-based soil maps that conform not only to the landscape and expert knowledge,
but are also compatible with distributed hydrologic modeling (Libohova et al., 2010). These
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techniques try to capture local spatial variability that may have been under represented in
existing soil maps. DSM is a way to optimize soil mapping through the use of quantitative
techniques for spatial prediction and analysis (McBratney et al., 2003). Just as in traditional soil
surveys, DSM is able to use knowledge of soil-environment relationships and make useful spatial
inferences (Scull et al., 2003). Production and availability of DSM techniques and technologies
have led to a paradigm shift from traditional soil survey to DSM, especially with the need to
express soil types and properties as a continuum in which the spatial gradation of a phenomenon
is preserved (Zhu, 1994).
Many developments in areas such as DSM, remote sensing, geographical information systems
(GIS), fuzzy logic reasoning, and machine learning techniques have led to great advancements in
mapping soils and their properties spatially, providing better essential information for
agricultural and environmental management applications (McBratney et al., 2003, Zhang et al.,
2004Zhu et al., 2001). The fuzzy logic reasoning model, Soil Land Inference Model (SoLIM),
developed by Zhu et al. (2001) enables both qualitative and quantitative modeling of soillandscape relationships using legacy data, expert knowledge, and terrain attributes. SoLIM has
been used in different studies and it has improved accuracy in predictions of soil types and
properties compared to traditional methods (Yang et al., 2009; Zhu et al., 2008). The approach
has been used successfully by the US Department of Agriculture (USDA) for soil survey (Zhu et
al., 2005).
Currently available soils information in Kenya produced by traditional soil survey techniques
lacks the level of detail needed for incorporation of soils information into decisions made by
smallholder farmers on their fields. Most Kenyan soil maps are polygon-based and were made by
soil scientists using their expert knowledge and limited field observations. Most are focused on
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soil physical and morphological differences at scales no greater than 1:100,000. In this study, we
used a DSM approach for mapping soil types and properties with limited data on the Uasin Gishu
Plateau in western Kenya at more detailed scales. We used a knowledge-based inference
mapping approach that integrates legacy data, expert knowledge, soil-landscape relationships
drawn from terrain attributes, and visual interpretation of aerial imagery. This approach,
therefore, encompasses both qualitative and quantitative approaches of soil mapping. K-means
clustering and fuzzy logic approaches were utilized to establish the soil-landscape relationships
for mapping soil types and properties. The results of the study were then evaluated through
independent soil observations.
3.3

Materials and Methods

3.3.1 Study site
The study area consists of part of the Uasin Gishu Plateau in the central western part of Kenya
between latitude 0° and 1° N and longitude 34°50' and 35°30' E (Fig. 3.1). The plateau occupies
an area of about 3,500 km2 and has an average elevation of 2,200 m, ranging from 1,700 m in the
west to 2,700 m in the east. The area has a cool, temperate climate with average annual rainfall
of 1,200 mm yr-1 that varies from 900 mm yr-1 in the western part to 1,500 mm yr-1 in the eastern
part. The average annual temperature ranges between 20C in the west to 13C in the east. The
Elgeyo Escarpment, which rises 1,000-1,200 m above the floor of the Rift Valley, borders the
plateau on its eastern edge. Geologically, seven distinct phonolitic lava flows, each with slightly
different chemical compositions, cover 98% of the Uasin Gishu Plateau (Lippard, 1973). The
study site covered an area of 3,064 km2 of the total 3,500 km2 plateau area.
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Based on elevation and climate, the study area was divided into two geomorphological units, (1)
the Lower Plateau or the plains with elevations between 1,700 m and 2,300 m, and (2) the Upper
Plateau or the highlands with elevations from 2,300 m to 2,700 m (Fig. 3.1). The criteria and
process for this subdivision are described later in section 3.3.4.
The Lower Plateau is dominated by highly weathered soils with significant nutrient depletion
and low native soil fertility. The soils in this area are mainly Ferralsols and Acrisols on the
uplands, and Luvisols and Gleysols on the bottomlands (Sombroek et al., 1982). The soils are
used mostly for production of maize [Zea mays (L.) R. Br.], wheat [Triticum aestivum L.)
Gaertn], millet [Pennisetum glaucum (L.) R. Br.], sorghum (Sorghum bicolor (L.) Moench]),
barley (Hordeum vulgare L.), sunflower (Helianthus annuus L.), and beans (Phaseolus vulgaris
L.). On the Upper Plateau, Nitisols predominate on the summits and the soils are used mostly for
tea [Camelia sinensis (L.) Kuntze], coffee (Coffea Arabica L. and Coffea canephora Pierre ex
Froehner), horticultural crops and dairy production. Forest reserves are also present and are
mainly used for commercial purposes.
3.3.2 Data sources
Legacy data were acquired from different sources in both paper and digital formats. Geological
maps of the Eldoret and Kapsabet areas at a scale 1:250,000 (Kenya Mines and Geological
Department, 1963; 1964), and the Reconnaissance Soil Map of the Lake Basin Development
Authority (LBDA) Area, Western Kenya at a scale 1:250,000 (Andriesse and Van der Pouw,
1985), hereafter referred to as the LBDA Soil Map, and their accompanying reports and ancillary
information were obtained as paper copies and digital scans from the Kenya Soil Survey (KSS)
archives. Land use and agro-ecological zone maps were obtained from the International
Livestock and Research Institute (ILRI) digital online database at
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http://192.156.137.110/gis/search.asp?id=288 and http://192.156.137.110/gis/search.asp?id=335,
respectively (ILRI, 1987; 1998). Climate data (precipitation and air temperature) were obtained
from World Climate - Global Climate Data (Version 1.4) at http://www.worldclim.org (Hijmans,
et al., 2005; IPCC, 2014). Monthly precipitation and mean air temperature data for 30-year
normals from 1971- 2000 were used. The 30 m NASA Shuttle Radar Topographic Mission
(SRTM) digital elevation model (DEM) data were downloaded from the USGS Earth Explorer at
http://earthexplorer.usgs.gov (USGS, 2014). Landsat aerial imagery acquired on February 16,
2016 (image number: LC81690602016047LGN00; swath: path 169 row 060; coverage: full
scene-day; cloud cover: 0.01%; processed: level 1T) was downloaded from USGS Earth
Explorer as well (USGS, 2016).
A field soil survey was conducted in early 2016 using profile pits, auger bores and road cuts.
This was done along a set of transects designed to capture the catena of the soil mapping units
typical for the Uasin Gishu Plateau landscape. A total of 34 geo-referenced soil auger
observations were made. Data from 16 additional pedons from a previous soil survey conducted
in part of the study area (Lomurut, 2015) were used for validating soil property maps. The 50
total soil observations captured the major soil types in the catena. Expert knowledge of the study
area was provided during the field soil survey by coauthor C. Serrem who has extensive
experience mapping soils in the area.
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3.3.3 Data processing
3.3.3.1 Legacy data
Paper copies of the geology maps of Eldoret and Kapsabet, and the LBDA Soil Map were
scanned, georeferenced and digitized to create chloropeth maps in ArcGIS 10.2
(https://esri.com). The geology maps were digitized manually by interactively tracing polygons,
while the LBDA Soil Map was digitized semi-automatically using the ArcScan tool.
Georeferencing was done using the Georeferencing tool. All legacy data were projected to WGS
1984 Web Mercator (auxiliary sphere) coordinate system due to its ability to better preserve the
shape and size of the study area, especially at the equator (ESRI, 2010).
3.3.3.2 Elevation
Preprocessing of the digital elevation model was done in ArcGIS 10.2. The Focal Statistics tool
using a 5 x 5 pixel rectangular neighborhood around the central pixel was used to re-calculate the
mean for each pixel to remove noise and produce a smoother elevation surface. A buffer of
approximately 1 km was drawn around the study area on the elevation raster and this buffer was
used as a mask to extract the elevation raster. A hillshade was calculated using the Hillshade tool
in ArcGIS 10.2. Various DEM derivatives (terrain attributes) were calculated using the System
for Automated Geoscientific Analyses (SAGA; http://www.sagagis.org).
3.3.3.3 Climate
The Tiles 27 and 37 found in the World Climate data were used to extract climate data. The
elevation buffer described in section 3.3.3.2 was used as a mask to extract the climate raster. The
masked area was then resampled to the spatial resolution of the elevation data (30 m x 30 m),
and finally snapped to the elevation mask so that the number of columns, rows and grid size were
the same.
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3.3.4 Delineation of the boundaries of the study area
The initial stratification of the study area was based on the soil forming factors model (Jenny,
1941) that considers soils as natural bodies forming as a result of the interaction of the five soil
forming factors: climate, organisms, relief, parent material, and time. The Upper Plateau was
distinguished from the Lower Plateau based on geology, land use, agro-ecological zone,
elevation differences, topographic position index and climate. Elevation, topographic position
index, precipitation and temperature maps are shown in Fig. 3.2. Delineation of the Uasin Gishu
plateau was done using the following maps: (1) the LBDA Soil Map, (2) the geological maps of
Eldoret and Kapsabet areas, (3) a map of slope classes calculated from the DEM and classified
based on the KSS slope classification (Sombroek et al., 1982), (4) topographic position index, (5)
elevation from the DEM, (6) rainfall and temperature maps and, (7) agro-ecological zone map of
Kenya.
The boundaries were defined based on the simultaneous examination of all the layers. The
LBDA Soil Map boundaries agreed well with the boundary of the lower Uasin Gishu phonolites
from the geologic maps of the Eldoret and Kapsabet areas. For example, the HIC soil map unit
boundaries (ferralo-chromic Cambisols and orthic and rhodic Ferralsols, partly lithic, stony and
rocky phases with Lithosols) coincides with the edge of the lava flow on the phonolitic rocks of
the Uasin Gishu plateau. The slope class map and the topographic position index (TPI) map
followed the same boundary trends, with higher slope and TPI values for the boundary of the
HIC soil map unit. Such delineation was also supported by agro-ecological zone, elevation and
climate maps. The Upper Plateau occurs in the Upper Highland agro-ecological zone at higher
elevations (> 2,300 m), receives greater amounts of rainfall (> 1,200 mm yr-1) and has lower
temperatures (< 15C), hence it is wetter and cooler. The Lower Plateau occurs in the Midland
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and Lower Highland agro-ecological zones at lower elevations (< 2,300 m), receives lower
amounts of rainfall (< 1,200 mm yr-1) and has higher temperatures (>15C), hence it is drier and
warmer.
3.3.5 Using legacy data, expert knowledge and aerial imagery to establish soil-landscape
relationships
The soil-landscape relationships were established using the soils legacy data, aerial imagery,
expert knowledge from soil scientists familiar with the area, and our own field observations.
Major landforms and slope classes formed the basis for establishing soil-landscape relationships.
For example, uplands and bottomlands were distinguished by looking at the aerial imagery color
scheme and at the slope map, then correlating with the soil map units from the LBDA Soil Map.
Also, termite mounds are visible on aerial imagery as clustered grey spots and are indicators of
wetter, low lying landscape positions. When termites inhabit shallow or poorly drained soils in
bottomlands, they raise mounds to avoid water in their burrows (Kooyman and Onck, 1987).
3.3.6 Field soil survey and soil classification
Selected terrain attributes calculated from the DEM, the LBDA soil map, the geology maps,
elevation, slope, and hillshade maps were saved in ESRI’s tile package format and copied to the
Soil Explorer app (Isee Network, 2015 – 2018) on iPads so that the maps could be used in the
field. Thirty four (34) field observations of soil properties were georeferenced using the GPS in
the iPads for later validation of soil type maps.
The soils were classified according to the World Reference Base (WRB) system (IUSS Working
Group WRB, 2014). The corresponding Soil Taxonomy (Soil Survey Staff, 2014) classes are
shown in Table 3.1.
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3.3.7 Soil type maps
3.3.7.1 Terrain attribute predictors
Terrain attributes were used to quantify soil-landscape relationships for digital soil mapping. In
this mapping approach, the empirical rather than the theoretical approach was utilized by varying
the relief factor and quantifying it using terrain attributes (Thompson et al., 2001). At the
landscape scale, most of the terrain attributes are directly related to topography (McBratney et
al., 2003) and capture water redistribution across the landscape that leads to different soil
patterns (Libohova et al., 2010; Milne, 1935b; Zhu 2000). For this study, 16 terrain attributes
were calculated in SAGA GIS (Olaya, 2004) and a multi-collinearity test was performed in order
to remove redundancy among terrain attributes (Table 3.2). Slope gradient, multi-resolution
valley bottom flatness index (MrVBF), multi-resolution ridgetop flatness index (MrRTF),
topographic position index (TPI), elevation, and profile curvature were selected based on a
multi-collinearity test discussed in section 3.3.7.2.
Slope percentage was calculated for a given grid cell as the average change in elevation from the
cell of interest to the surrounding 8 grid cells, divided by the distance from the 8 neighborhood
cells. TPI was calculated using a circular neighborhood of 350 m from the central cell (Gallant
and Wilson, 2000; Weiss, 2001). Slope and TPI were was used to define the different slope
positions and the edges of the Uasin Gishu plateau where the lava flows stopped to form
landscape steps. The steps could be seen as a series of ridges on the plateau.
The MrVBF was calculated by a ranking of elevation percentile with respect to the circular
surrounding area of 8 cells which is computed with a stand-alone program (PCTL) that identifies
different scales of valley bottoms (Gallant and Dowling, 2003). The MrVBF algorithm was run
using different slope thresholds. The slope thresholds used for comparisons were 16% (the
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algorithm default slope threshold), 14%, 12%, 10%, 8%, 7%, 6% and 5%. Although a DEM
resolution of 30 m matched up with approximately 14% slope threshold value (Gallant and
Dowling, 2003), a threshold of 8% was adopted for this study because it better represented the
soil-landscape relationship. The 8% slope has also been adopted by the KSS as an upper limit for
the 5 - 8% slope class, which is the general break point between the Upper and Lower Plateau
(Andriesse and Van der Pouw, 1985; Sombroek et al., 1982).
The MrRTF is complementary to the MrVBF. It was calculated in a very similar manner like the
MrVBF but with a focus on the upper parts of the landscape which were identified from the
PCTL (Gallant and Dowling, 2003). Profile curvature was computed in a moving window of 3 ×
3 cells whereby the curvature of the central raster cell was calculated by referring to the elevation
of its 8 neighbors. Profile curvature was important in understanding erosion and runoff processes
especially where there was significant topographic relief as in the case of the Upper Uasin Gishu
Plateau.
3.3.7.2 Collinearity
Analysis for collinearity among the predictors is important as its presence would violate the
assumption of independence of input variables and lead to inflation of variance and bias in
predictor selection. Therefore, a multi-collinearity analysis was conducted (Table 3.2) using
Pearson’s correlation coefficient, variance inflation factor (VIF) and tolerance (Dormann et al.,
2012). Pearson’s correlation coefficient (r) >0.5 was used as threshold criterion for excluding
predictors. All the predictors with r values >0.5 were considered to be highly correlated and VIF
and tolerance measures of collinearity were used for further evaluation. Predictors with values of
VIF > 5 and tolerance < 0.2 were eliminated for inclusion in the model. Although catchment area
passed for inclusion in the model, based on our own expert knowledge of the area, it was found
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to misrepresent the soil-landscape relationship and hence it was disregarded. Multi-resolution
valley bottom flatness index (MrVBF), multi-resolution ridgetop flatness index (MrRTF),
topographic position index (TPI) and profile curvature environmental covariates (terrain
attributes) were selected and analyzed for soil-landscape quantification (Fig. 3.3) using k-means
clustering and fuzzy logic soil mapping approaches.
3.3.7.3 Clustering
The K-means (KM) clustering method was an ideal method for identifying the distribution of
terrain attributes clusters that define the different soil types present in this study. Since the
number of clusters must be defined in advance and the most appropriate number of clusters was
not known a priori, cluster numbers of between 5 and 20 were calculated. The function
“Clustering for Grids” in SAGA GIS was used to cluster the terrain attributes using the HillClimbing algorithm (Rubin, 1967). The optimal clustering number can be determined through
the partition coefficient (F) and the normalized entropy (H) (Bedzek, 1981; Dunn, 1973; Zhu et
al., 2008). Our own knowledge of the soils and landscapes was also used in determination of the
optimal number of clusters. For the Lower Plateau, MrRTF, MrVBF and TPI terrain attributes
were clustered to produce 10 classes, while for the Upper Plateau, TPI and profile curvature were
clustered to produce 5 classes resulting to 15 total soil types or map units (Fig. 3.4).

3.3.7.4 Fuzzy Logic
The Soil Land Inference Model (SoLIM) was used to create fuzzy membership soil type maps
that were based on fuzzy membership or similarity vector values (Zhu et al., 2005) from the kmeans (KM) map generated in SAGA-GIS. Zonal statistics of the KM clusters described in
section 3.3.7.3 above were generated for each of the terrain attributes and used to set rules for
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predicting soil types by adjusting the mean values with one or two times standard deviations to
define the upper and lower limits for the class boundaries in SoLIM (Table 3.3). The rules were
further refined based on expert knowledge using the histogram distribution of terrain attribute
values within each cluster. The fuzzy membership maps were hardened into “crisp” classes
where each grid cell was assigned to the soil type with the highest membership value to produce
a fuzzy logic soil type map.
3.3.8 Soil property maps
3.3.8.1 Assignment of estimated soil properties values from legacy data to new soil type maps
Observed and measured soil properties were obtained from the LBDA Soil Map report. Each soil
map unit has 11 soil property attributes: drainage, effective soil depth, inherent fertility, salinity,
sodicity, stoniness/boulders, rockiness, consistency, moisture storage capacity, infiltration and
excess surface water. However, only maps for effective soil depth, soil moisture storage capacity
and soil drainage were generated for this study because the rest of the properties did not vary
appreciably within the study area.
Effective soil depth was defined as the depth to root impeding layers such as rock, weathered
rock, petroplinthite, petrocalcic, pisoferric and pisocalcic material for the uplands, and as depth
to the water table for the bottomlands or lowlands. Soil moisture storage capacity (SMSC) was
derived from effective soil depth (ESD) and available soil moisture content (ASMC) which is
estimated from soil texture (Andriesse and Van der Pouw, 1985) by the equation:
SMSC (mm) = ESD (m) × ASMC (mm/m soil)

(1)
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Soil drainage classes were assigned as either poorly or very poorly drained, imperfectly drained,
moderately well drained, well drained, somewhat excessively drained, and excessively drained or
a combination of two of these drainage classes.
Soil property values from the LBDA Soil Map report were assigned to each unit of the generated
soil type maps. The values were assigned either as an average of the upper and lower limits as
given in the report, or based on our own expert knowledge. Assignment of values based on
expert knowledge requires an understanding of the soil-landscape relationship occurring in the
study area which was mainly based on the catena concept. For example, depiction of effective
soil depth based on expert knowledge and understanding of soil-landscape relationships would
be that deeper soils occur on the flat uplands and bottomlands while shallower soils occur on
backslopes, hillsides and/or rocky areas.
3.3.8.2 Predictive soil property maps
Predicted soil property maps were generated in SoLIM based on fuzzy membership soil type
maps using the equation (Zhu, 1997):

𝐷𝑖𝑗 =

𝑘 𝑘
∑𝑛
𝑘=1 𝑆𝑖𝑗 𝐷
𝑘
∑𝑛
𝑘=1 𝑆𝑖𝑗

(2)

Where: Dij = estimated soil property value at (i, j), Skij = fuzzy membership value for kth soil at (i,
j) and Dk = representative property value for kth soil (Zhu, 1996).
The fuzzy logic mapping approach is based on the idea of a central concept that each soil type
has at an ideal location. This means that the grid cell within a class that has the highest
membership is considered typical or to represent the central concept of that class. The farther the
cells are from the ideal location, the lower the membership value would be for that class.
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However, since the membership for each pixel is always equal to 1, the decrease in membership
in one class is associated with the increases in the membership of another class. Consequently,
the higher the membership of a soil type in a given grid cell, the closer the property values at that
location will be to the typical property values of the class or series (Zhu et al., 2010).
3.3.9 Evaluation of soil type and property maps
Predicted soil type and property maps were evaluated against the observed data in order to assess
the model performance. For the soil property maps, evaluation was only carried out for the
effective soil depth. Soil moisture storage capacity and soil drainage were not measured in the
field and therefore could not be evaluated directly. However, given that soil moisture storage
capacity was derived from effective soil depth and available soil moisture content estimated from
soil texture, it was assumed that validating the effective soil depth would be a good
approximation of the model’s ability to predict soil moisture storage capacity. The Kappa
coefficient, and user’s and producer’s accuracy (Cohen, 1960) were used to evaluate the
accuracy of soil type maps using the 50 independent soil observations, while mean absolute error
(MAE), root mean square error (RMSE) and coefficient of determination (R2) were used to
evaluate the soil property maps using 16 pedon data points and the equations
1

MAE= 𝑛 ∑𝑛𝑖=1 |𝑉𝑖 − 𝑉 ′ |
1

RMSE= √𝑛 ∑𝑛𝑖=1(𝑉𝑖 − 𝑉 ′ )2

(3)

(4)

where: 𝑉𝑖 is the observed property value, 𝑉 ′ is the predicted soil property value, and n is the
number of observations (Zhu et al., 2010).
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3.4

Results and Discussion

3.4.1 New soil type maps
3.4.1.1 Comparison of existing, k-means clustering and fuzzy logic soil type maps
The LBDA Soil Map is a general, polygon-based soil map made at 1:250,000 scale. The map
divides the study site into two areas, the Upper Plateau and the Lower Plateau, both having two
major soil types generally occurring on either uplands or bottomlands (Fig. 3.4a and Table 3.4).
This is a simplification of the catenas in the area and an under representation of slope positions
such as shoulders, backslopes, footslopes, and toeslopes present in the study area. The entire
Upper Plateau is mapped as Nitisols (~99%) with a very small portion of Gleysols (~1%), while
the Lower Plateau is mapped as having Ferralsols (~80%) on the uplands, and Gleysols (~15%)
on the bottomlands, with Cambisols and Regosols (~5%) occurring mostly on the edges of the
Lower Plateau.
On the other hand, both soil maps based on the k-means (KM) clustering (Fig. 3.4b) and fuzzy
logic (Fig. 3.4c) approaches were more detailed and contained 15 soil map units (Table 3.4). On
the Lower Plateau, the dominant soil orders were Ferralsols (48% - KM and 43% - fuzzy logic)
found on summits, shoulders and backslopes, Luvisols/Gleysols (24% and 28%),
Acrisols/Ferralsols (17% and 15%), Cambisols (7% and 9%), and Regosols (4% and 5%). On the
Upper Plateau, the dominant soil orders were Nitisols (32% and 42%), Acrisols (28% and 32%),
Luvisols (18% and 27%), and Gleysols (12% and 9%).
The distribution of soil types followed the topography (Figs. 3.5 and 3.6). On the Lower Plateau,
Ferralsols 1 occurred on summit (flat), Ferralsols 2 occurred on the summit (ridges) while
Ferralsols 3 occurred on the shoulders with undulating slopes (~ 3-5%) at elevations < 2,300 m.
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Acrisols/Ferralsols occurred on backslopes with gently undulating slopes (~ 2-3%) at elevations
< 2,300 m. Luvisols/Gleysols 1 occurred on the footslopes while Luvisols/Gleysols 2 occurred in
the toeslopes on lowlands, bottomlands, depressions and/or valleys with flat to very gently
undulating slopes (~ 0-2%). Cambisols and Regosols 1, 2 and 3 dominated landscape positions at
the edge of the plateau and lava steps with undulating (5-8%), rolling (8-16%), hilly (16-30%)
and steep (>30%) slopes. On the Upper Plateau, Nitisols 1 and 2 occurred on convex upland
positions on summits and shoulders, respectively, at higher elevations > 2,300 m. Acrisols
occurred on backslopes, while Luvisols and Gleysols occurred footslopes and toeslopes,
respectively. On the Lower Plateau, soils that occurred on the uplands, shoulders and backslopes
were all well drained, while those that occurred on the bottomlands, footslopes and toeslopes
were poorly to very poorly drained as indicated by the observed grey colors and mottles
dominating the soil profiles. The soils on the edge of the plateau and on lava steps were
excessively and somewhat excessively well drained (Fig. 3.7). On the Upper Plateau, soils on the
uplands and shoulders were well drained while those that occurred on the backslopes were well
drained to moderately well drained. At the footslopes, the soils were poorly to imperfectly
drained while at the toeslope, they were poorly to very poorly drained (Fig. 3.7).
Soil classification, though based on natural processes, is user-defined and often is driven by
demand and the availability and quality of data. The best existing soil map (the LBDA Soil Map)
is a polygon based map and is very general (1:250,000) and not appropriate for management
decisions at the farm level. The raster-based maps generated from this study are more spatially
detailed and hence we believe that they can support decisions at farm-level scales. However, they
need to be evaluated and/or validated when possible by a combination of additional independent
data and users in the field.
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3.4.1.2 General characteristics and management of existing major soil types
The Lower Uasin Gishu Plateau is dominated by very strongly weathered soils and landscapes,
mostly Ferralsols (Oxisols in Soil Taxonomy). Ferralsols have high nutrient depletion rates and
low CEC, and hence low soil fertility. These soils have low soil pH and are characterized by N,
Ca and Mg deficiencies, and Al and Mn toxicities, which limit crop production (Lwayo et al.,
2001). Silicate clays are predominantly kaolinite with no signs of clay illuviation. Although
Ferralsols have good internal drainage, water stagnation is frequent due to soil compaction and
crusting as a result of the use of farm machinery (Kenya Agricultural Research Institute., 1994;
Kenya Roads Authority, 2010). In the study area, the Ferralsols are further classified into ferric,
petroferric, rhodic or orthic subunits (Andriesse and Van der Pouw, 1985).
Acrisols (Ultisols in Soil Taxonomy) are less strongly weathered and leached compared to
Ferralsols. Unlike Ferralsols, they are higher in nutrient content and show signs of clay
illuviation in the B horizon. They are deeper than Ferralsols and, although the base saturation is
less than 50%, they have a higher CEC compared to the Ferralsols. In this area, the Acrisols are
classified into ferric, orthic, chromic or humic subunits (Andriesse and Van der Pouw, 1985).
Wheat and maize are commonly grown on Ferralsols and Acrisols.
Luvisols (Alfisols in Soil Taxonomy) are moderately weathered mineral soils with base
saturation > 50%. They show signs of clay illuviation in the B horizon and have an ochric or
umbric epipedon. In this area, the Luvisols are classified into orthic, chromic or humic subunits
(Andriesse and Van der Pouw, 1985). In high precipitation areas, like in the Uasin Gishu plateau,
Luvisols can be saturated with water for significant periods of time to form stagnic Luvisols
where the Bt horizon is strongly transformed by Fe translocation and mottling.
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Gleysols (aquic suborders of Mollisols, Inceptisols and Entisols in Soil Taxonomy) are poorly
drained soils with hydromorphic properties within 50 cm depth which is reflected by chromas of
2 or less along with mottling. In this area, the Gleysols are classified into eutric or dystric
subunits. Luvisols and Gleysols soils are often used as grazing lands for livestock.
Cambisols (Inceptisols in Soil Taxonomy) are young soils with weakly developed B horizons
and abundant quantities of weatherable minerals. In this area, the Cambisols are classified into
eutric, dystric, humic or ferric subunits (Andriesse and Van der Pouw, 1985). Regosols (Entisols
in Soil Taxonomy) are shallow soils with only an A - C profile with continuous, coherent, hard
rock within 10 cm depth. Cambisols and Regosols soils often have natural vegetation of forests
and bushes growing on them.
Nitisols (Alfisols in Soil Taxonomy) are deep, clay-rich, fertile soils. They have a nitic horizon
starting within 100 cm from the soil surface. The Bt horizon has more than 30% clay. In this
area, Nitisols are classified into humic Nitisols and are suitable for growing tea, coffee,
sugarcane, and horticultural crops like cabbages which are grown for both commercial and
subsistence purpose.
3.4.1.3 Evaluation of soil type maps
The fuzzy logic mapping approach produced a higher overall accuracy of 0.76 compared to KM
with a value of 0.68 (Tables 3.5 and 3.6). Also, the Kappa coefficient for fuzzy logic was higher
(0.68) compared to KM (0.59). Both methods produced similar user’s and producer’s accuracy
for all the soil types, except for Nitisols where fuzzy logic produced better accuracy than KM.
Overall, both KM and fuzzy logic mapping performed well, with the fuzzy logic mapping
performing slightly better. The similar performance was expected, given that the rules for
generating the fuzzy logic map were derived from zonal statistics of the KM map. However, the
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rules from the zonal statistics of the KM map were further refined based on expert knowledge,
which resulted in improvements of the continuous class map based on fuzzy logic compared to
the map based only on KM cluster analysis. In addition to the slightly better performance, the
fuzzy logic map supports the generation of spatially explicit continuous soil property maps.
Because the fuzzy logic soil type map performed best, it was used as a basis to generate the soil
drainage classes.
3.4.2 Soil property maps
Effective soil depth and soil moisture storage capacity were mapped as derived from the
estimated values provided in the LBDA soil map and adjusted based on soil-landscape
relationships. Tables 3.7 and 3.8 show the upper and lower values given in this existing map,
their calculated mean and assigned values as described in section 2.5.1. The column for the
assigned values in each of the tables was used to generate predictive effective soil depth and soil
moisture storage capacity maps. Table 3.9 shows the soil drainage classes of the different soil
types as adopted from the LBDA soil map.

3.4.2.1 Assigning property values to predicted soil type maps
Because the values were directly assigned to the soil map units for each of the soil type maps, the
results were highly dependent on the distribution and density of the soil types, mapping
approach, and the scale or resolution of the soil type maps. For example, the existing LBDA Soil
Map (scale of 1:250,000) represented effective soil depth in a rather uniform manner throughout
the Upper Plateau due to dominance by one soil type, Nitisols (~99%). The same was the case
for the Lower Plateau where Ferralsols dominate (~80%).
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3.4.2.2 Comparison of existing, k-means clustering, and fuzzy logic soil property maps
Fuzzy logic and KM methods of mapping produced more detailed effective soil depth, soil
moisture storage capacity and soil drainage maps compared to the existing maps (Figs. 3.7, 3.8
and 3.9). Though the KM map was not continuous, it was superior compared to the existing map
due to the higher spatial detail. The fuzzy logic approach has an advantage over the KM
approach due to its ability to capture and represent the continuous nature of soil spatial variation
(McBratney and Odeh, 1997; Yang et al., 2007; Zhu et. al., 2001; Zhu and Band, 1994). In the
fuzzy logic mapping approach, soil spatial variation is expressed as a membership function of
soil types in a grid cell, which is then used to produce soil map units and to predict spatial
variation of specific soil properties (Zhu et al., 1996). The KM approach partitions observations
into natural groups based on multi-variate variables. However, unlike fuzzy logic, it does not
assign membership functions derived from class limits based on expert knowledge or
conventional definitions.
3.4.2.3 Effective soil depth map evaluation
The measured and estimated soil effective soil depth values assigned to soil types from the
existing map were significantly correlated for all three soil type maps (Fig. 3.10). For the
existing soil map, the effective soil depth adjusted R-square (R2) value was 0.34, RMSE= 27, and
ME= 8; p-value<0.05. For the k-means cluster soil map, the adjusted R-square (R2) value was
0.34, RMSE= 31, and ME= 3.1; p-value<0.05, and for the fuzzy logic, adjusted R-square (R2)
value was 0.56, RMSE= 21 and ME= 1.1; p-value<0.05. The effective soil depth values assigned
to the predictive soil type maps were estimated from the upper and lower limits provided as a
typical range in the soil map units of the LBDA soil map. These ranges were derived based on a
combination of both laboratory measured values and expert knowledge, and hence were not
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necessarily independent (Andriesse and Van der Pouw, 1985). The predicted soil depth maps
were evaluated with measured pedon data that were perhaps more accurate. Despite differences
due to measurement and/or estimation methods used to generate the effective soil depth values,
the maps provided a quantitative assessment of the effective soil depth accuracy. Because the
effective soil depth map produced using the fuzzy logic approach performed best, it was used as
a basis to generate the soil moisture storage capacity map.
3.4.3 Recommendation and future work
Although the map products were a significant improvement over what was previously available,
there were some known shortcomings. The delineation of the plateau into Upper and Lower
Plateau geomorphic units created an abrupt boundary that is visible on all the maps (Figs 3.4,
3.7, 3.8, 3.9). Smoothening this boundary was not possible because different environmental
covariates were used to predict the soil types in these two geomorphic units. We chose to
delineate the study area into two separate units because they are geomorphologically different
based on climate and relief. Studies such as those done by Grunwald et al., 2015 and Xiong et
al., 2014a, b, have shown that it is feasible to simultaneously use all environmental covariates
that capture soil forming factors (climate, organisms, relief, parent material and time) in soil
mapping without first dividing the landscape based on one or more of these factors. In these
studies, combination of methods such as machine learning, statistical methods and artificial
intelligence have been implemented. This soil mapping approach could be adopted for this study
area in the future.
Also, the map could not account for wet soils known to be present in the southern part of the
Lower Plateau as shown on the LBDA Soil Map (Fig. 3.4a, map unit LIC). This area receives
higher rainfall from the orographic effect of the higher elevations to the east towards the Rift
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Valley. The terrain attributes used did not capture this effect because they are all based on
topography. Climate data did not show this area as different either, due to its coarse resolution.
Inclusion of more environmental covariates such as vegetation indices derived from detailed
satellite imagery like normalized difference vegetation index (NDVI) might possibly improve
predictions of the present soil-landscape relationship. Use of more detailed environmental
covariates are usually expected to improve predictions in digital soil mapping (Cavazzi et al.,
2013; Maynard and Johnson, 2014).
We plan to publish the maps on Soil Explorer (SoilExplorer.net) for use in academic institutions
for visually-aided learning, and by extension officers and farmers who farm in the Uasin Gishu
Plateau. The maps and map products will also be deposited in the Purdue University Research
Repository (PURR).
3.4.4 Conclusions
Soil type, effective soil depth, soil moisture storage capacity and soil drainage class maps
produced by this study are more spatially detailed and better captured the soil-landscape models
and relationships compared to existing soil maps. The accuracy of soil type and property maps
was assessed for the first time and showed good agreement with independent field data. The new
improved and detailed soil type map should be useful to support land management decisions at
finer scales compared to the existing soil maps. The DSM approach in this study was used as a
platform to organize, incorporate and rescue legacy data and tacit knowledge. The results from
this study demonstrate the utility of combining legacy data and expert knowledge with new data
as an effective way to produce detailed soil maps when existing point observation data are
sparse, and collection of new data is cost prohibitive.
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Figure 3.1. Study area showing the Lower Plateau (1) and Upper Plateau (2)
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Figure 3.2. Study area showing delineation of Lower Plateau (1) from Upper Plateau (2) based on
(a) elevation and (b) topographic position index derived from the 30 m SRTM DEM, and (c)
precipitation and (d) temperature obtained from annual climate average of years 1971 – 2000.
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Figure 3.3. Selected terrain attributes used for soil type map predictions: (a) Multi-resolution valley
bottom flatness index, (b) Multi-resolution ridgetop flatness index, (c) Topographic position index,
and (d) Profile curvature.
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Figure 3.4. Soil type maps from (a) the LBDA Soil Map, and from the (b) k-means, and (c) fuzzy
logic approaches. a1 to c3 show details for areas 1, 2 and 3, respectively.
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Figure 3.5. Cross-sectional diagrams showing the distribution of the major soil types on a toposequence for the Lower Plateau.

Figure 3.6. Cross-sectional diagrams showing the distribution of the major soil types on a toposequence for the Upper Plateau.
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Figure 3.7. Soil drainage class map based on fuzzy logic along with detailed maps for areas 1, 2
and 3. ESED=excessively and somewhat excessively drained, WD=well drained, WMWD=well
and moderately well drained, PID=poorly-imperfectly drained, and PVPD=poorly or very poorly
drained.
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Figure 3.8. Effective soil depth (ESD) maps from (a) the LBDA Soil Map, and from the (b) kmeans, and (c) fuzzy logic approaches. a1 to c3 show details for areas 1, 2 and 3, respectively.
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Figure 3.9. Soil moisture storage capacity map based on fuzzy logic along with detailed maps for
areas 1, 2 and 3.
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Figure 3.10. Effective soil depth evaluation for (a) the LBDA soil map, (b) k-means map, and (c)
fuzzy logic map.
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Table 3.1. Soil classification according the World Reference Base (WRB) system (IUSS Working
Group WRB, 2014) and the corresponding Soil Taxonomy (Soil Survey Staff, 2014) classes.
WRB classification

Soil Taxonomy classification

Acrisol

Udults

Cambisol

Udepts

Ferralsol

Udox

Gleysol

Aquolls, Aquents, Aquepts

Nitisol

Udalfs, Udults

Luvisol

Udalfs, Udults

Regosol

Lithic Udorthents,

Table 3.2: Pearson correlation coefficient (r) matrix, variance inflation factor (VIF), and tolerance for the environmental covariates.
Environmental

AACHN

WI

Catch_Area

Ch_Nt_Bl

Long_Curv

covariates

Mod_

MrRTF

Plan_Curv

Prof_Curv

TWI

TPI

Catch_Area

Depth

AACHN

1.00

WI

-0.31

1.00

Catch_Area

-0.11

0.43

1.00

Ch_Nt_Bl

-0.48

0.11

-0.01

1.00

Long_Curv

0.35

-0.30

-0.13

-0.05

1.00

Mod_Catch_Area

-0.33

0.37

0.37

0.15

-0.25

1.00

MRRTF

0.04

-0.16

-0.15

0.12

0.19

-0.09

1.00

Plan_Curv

0.22

-0.53*

-0.31

-0.02

0.37

-0.18

0.26

1.00

Prof_Curv

0.34

-0.25

-0.10

-0.05

-0.24

0.17

0.28

1.00

TWI

-0.48

0.37

0.09

0.39

-0.07

0.48

0.41

-0.18

-0.05

1.00

TPI

0.55*

-0.44

-0.26

-0.10

0.76*

-0.39

0.27

0.56*

0.23

-0.20

1.00

Valley Depth

-0.19

0.15

0.21

-0.19

-0.36

0.30

-0.39

-0.20

-0.35

-0.24

-0.54*

0.97*

Valley

Vd_Ch_Nt

MrVBF

Elevation

Slope

gradient

1.00
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Vd_Ch_Nt

1.00

-0.31

-0.11

-0.48

0.35

-0.33

0.04

0.22

0.34

-0.48

0.55*

-0.19

1.00

MRVBF

-0.34

0.64*

0.19

0.21

-0.24

0.36

-0.01

-0.36

-0.21

0.54

-0.31

-0.07

-0.34

1.00

Elevation

-0.37

0.07

-0.03

0.99*

0.00

0.11

0.14

0.01

-0.01

0.35

-0.03

-0.23

-0.37

0.18

1.00

Slope

0.21

-0.29

-0.03

-0.29

-0.07

-0.16

-0.31

0.07

-0.08

-0.62*

-0.04

0.37

0.21

-0.40

-0.28

1.00

R-square

1.00

0.85

0.70

0.99

0.98

0.82

0.54

0.98

0.47

0.88

0.68

0.99

1.00

0.74

0.99

0.94

VIF

ꚙ

6.66

3.30

100.00

54.72

5.46

2.17

49.67

1.87

8.46

3.12

100.00

ꚙ

3.89

100.00

18.12

Tolerance

0.00

0.15

0.30

0.01

0.02

0.18

0.46

0.02

0.53

0.12

0.32

0.01

0.00

0.26

0.01

0.06

AACHN=altitude above channel network, WI=wetness index, Catch_Area=catchment area, Ch_Nt_Bl=channel network base level,
Long_Curv=longitudinal curvature, Mod_Catch_Area=modified catchment area, MRRTF=multi-resolution ridgetop flatness index,
Plan_Curv=plan curvature, TWI=topographic wetness index, TPI=topographic position index, Vd_Ch_Nt=valley depth channel
network, and MRVBF=multi-resolution valley bottom flatness index.
*r values greater than absolute 0.
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Table 3.3: Zonal statistics showing mean raster values of selected terrain attributes (MrVBF, MrRTF, TPI and profile curvature) within
landscape positions (SD: Standard deviation).

Slope position
Lower plateau

Upper plateau

Soil type

MrVBF

MrRTF

TPI

Prof_curv

Soil name

Mean±1SD

Mean±1SD

Mean±1SD

Mean±1SD

Summit, flat

1

Ferralsols 1

0.89±0.70

2.48±1.17

2.07±1.21

Ridge

2

Ferralsols 2

0.72±0.54

0.73±0.76

1.86±1.65

Shoulder

3

Ferralsols 3

0.25±0.56

0.02±0.06

-11.88±7.11

Backslope

4

Acrisols/Ferralsols

0.81±0.99

0.13±0.20

-5.66±3.62

Footslope

5

Luvisols/Gleysols 1

1.99±1.24

0.41±0.56

-2.39±1.67

Toeslope

6

Luvisols/Gleysols 2

1.32±0.84

0.66±0.71

-0.19±1.28

Edge, lava step

7

Cambisols

0.03±0.11

0.16±0.49

22.80±12.16

Edge, lava step

8

Regosols 1

0.40±0.44

0.79±1.02

5.54±3.05

Edge, lava step

9

Regosols 2

0.14±0.27

0.36±0.71

11.78±5.94

Edge, lava step

10

Regosols 3

2.21±1.16

2.49±1.36

-0.03±1.19

Summit

11

Nitisols 1

6.14±2.07

0.0002±0.0003

Shoulder

12

Nitisols 2

-7.03±2.23

-0.0003±0.0003

Backslope

13

Acrisols

14.85±3.87

0.0006±0.0004

Footslope

14

Luvisols

-0.15±1.86

0.0000±0.0002

Toeslope

15

Gleysols

-16.05±4.00

-0.0008±0.0005
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Table 3.4: Soil types obtained from 15 clusters with their slope positions and soil names along with soil types from the LBDA Soil Map.
Slope position

Lower Plateau

Upper Plateau

Slope position

Soil type

Soil name

Soil type

Summit, flat

1

Ferralsols 1

11

Ridge

2

Ferralsols 2

Shoulder

3

Ferralsols 3

Backslope

4

Footslope

Soil Name

LBDA Soil Map
Soil type

Soil name

Nitisols 1

LIA1

Ferralsols

Nitisols 1

LIC

Ferralsols

12

Nitisols 2

Uh1

Nitisols

Acrisols/Ferralsols

13

Acrisols

5

Luvisols/Gleysols 1

14

Luvisols

BI1

Gleysols

Toeslope

6

Luvisols/Gleysols 2

15

Gleysols

Edge, lava step

7

Cambisols

VIC

Cambisols

Edge, lava step

8

Regosols 1

RB5

Rankers

Edge, lava step

9

Regosols 2

Edge, lava step

10

Regosols 3
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Table 3.5: Evaluation of soil type map based on k means clustering.
Row
Inferred\Observed

Luvisols/Gleysols

Ferralsols Regosols Acrisols

Nitisols

Luvisols Gleysols Total

User's

Luvisols\Gleysols

13

1

0

0

0

0

0

14

0.93

Ferralsols

6

6

1

0

0

0

0

13

0.46

Regosols

0

0

0

0

0

0

0

0

0

Acrisols

0

0

0

8

1

0

0

9

0.89

Nitisols

0

0

0

2

7

0

0

9

0.77

Luvisols

0

0

0

0

4

0

0

4

0

Gleysols

0

0

0

0

1

0

0

1

0

Column Total

19

7

1

10

13

0

0

50

Producers

0.68

0.86

0

0.8

0.54

0

0

Overall Accuracy:

0.68

KAPPA: 0.57
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Table 3.6: Evaluation of soil type map based on fuzzy logic.

Inferred\Observed

Luvisols/Gleysols Ferralsols Regosols Acrisols

Nitisols Gleysols

Row Total

User's

Luvisols\Gleysols

13

1

0

0

0

0

14

0.93

Ferralsols

6

6

1

0

0

0

13

0.46

Regosols

0

0

0

0

0

0

0

0

Acrisols

0

0

0

8

1

0

9

0.89

Nitisols

0

0

0

2

11

0

13

0.85

Gleysols

0

0

0

0

1

0

1

0

Column Total

19

7

1

10

13

0

50

Producers

0.68

0.86

0

0.8

0.85

0

Overall Accuracy:

0.76

KAPPA: 0.68
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Table 3.7: Summary of effective soil depth values (cm) from the LBDA soil map.
Lower Plateau
Soil

Upper Plateau
Lower

Upper

Value

Soil

Lower

Upper

Value

Slope position

type

Soil Name

limit

limit

Mean

assigned

type

Soil Name

limit

limit

Mean

assigned

Summit, flat

1

Ferralsols 1

50

120

85

100

11

Nitisols 1

120

180

150

180

Ridge

2

Ferralsols 2

50

120

85

90

12

Nitisols 2

120

180

150

150

Shoulder

3

Ferralsols 3

50

120

85

85

Nitisols 2

120

180

150

150

Backslope

4

Acrisols/Ferralsols

50

120

85

100

13

Acrisols

50

120

85

120

Footslope

5

Luvisols/Gleysols 1

80

180

130

67

14

Luvisols

50

120

85

85

Toeslope

6

Luvisols/Gleysols 2

80

180

130

110

15

Gleysols

50

120

85

90

Edge, lava step

7

Cambisols

25

120

73

75

Edge, lava step

8

Regosols 1

25

50

38

38

Edge, lava step

9

Regosols 2

0

25

13

25

Edge, lava step

10

Regosols 3

0

25

13

10
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Table 3.8: Summary of soil moisture storage capacity values from the LBDA Soil Map.
Lower Plateau
Soil

Upper Plateau
Lower

Upper

Value

Soil

Soil

Lower

Upper

Value

Slope position

type

Soil Name

limit

limit

Mean

assigned

type

Name

limit

limit

Mean

assigned

Summit, flat

1

Ferralsols 1

120

160

140

140

11

Nitisols 1

120

160

140

160

Ridge

2

Ferralsols 2

120

160

140

125

12

Nitisols 2

120

160

140

150

Shoulder

3

Ferralsols 3

120

160

140

120

Nitisols 2

120

160

140

150

Backslope

4

Acrisols/Ferralsols

120

160

140

135

13

Acrisols

120

160

140

135

Footslope

5

Luvisols/Gleysols 1

80

120

100

110

14

Luvisol

120

160

140

125

Toeslope

6

Luvisols/Gleysols 2

80

120

100

120

15

Gleysol

80

120

100

100

Edge, lava step

7

Cambisols

80

120

100

100

Edge, lava step

8

Regosols 1

80

120

100

90

Edge, lava step

9

Regosols 2

80

120

100

80

Edge, lava step

10

Regosols 3

80

120

100

70

59

Table 3.9: Summary of soil drainage classes from the LBDA Soil Map.
Lower Plateau

Upper plateau

Slope position

Soil type

Soil Name

Soil drainage class1

Soil type

Soil Name

Soil drainage class1

Summit, flat

1

Ferralsols 1

WD

11

Nitisols 1

WD

Ridge

2

Ferralsols 2

WD

12

Nitisols 2

WD

Shoulder

3

Ferralsols 3

WD

Nitisols 2

WD

Backslope

4

Acrisols/Ferralsols

WD

13

Acrisols

WMWD

Footslope

5

Luvisols/Gleysols 1

PVPD

14

Luvisol

PID

Toeslope

6

Luvisols/Gleysols 2

PVPD

15

Gleysol

PVPD

Edge, lava step

7

Cambisols

ESED

Edge, lava step

8

Regosols 1

ESED

Edge, lava step

9

Regosols 2

ESED

Edge, lava step

10

Regosols 3

ESED

1

ESED=excessively and somewhat excessively drained, WD=well drained, WMWD=well and moderately well drained, PID=poorlyimperfectly drained, and PVPD=poorly and very poorly drained
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CHAPTER 4. LANDFORM PATTERN RECOGNITION AND
CLASSIFICATION FOR PREDICTING SOIL TYPES OF THE UASIN
GISHU PLATEAU, KENYA.

4.1

Abstract

Information obtained from landform classification is fundamental for understanding the physical,
chemical, and biological processes in both land surface environments and hydrologic processes.
Digital elevation models (DEMs) can be used for landform classification using a geomorphic
pattern recognition and classification approach such as geomorphons. In this study, we utilized
geomorphons to predict soil types of the Uasin Gishu Plateau in western Kenya with the aim of
improving the existing soil type maps with limited data. We ran the geomorphons classification
on the 30 m Shuttle Radar Topographic Mission (SRTM) DEM using the module r.geomorphons
“add-on” in GRASS GIS with look up distance (L) values of 10, 20, 30, 40, 50, 60, 70, 80, 90
and 100 cells and a flatness threshold of 0.5 degrees. We grouped the resulting geomorphons into
three classes, upland summits, upland midslopes, and bottomlands, and then assigned soil types
to these three landscape positions after dividing the study area into the Lower Plateau and the
Upper Plateau based on elevation and geomorphology. The predicted soil types were
quantitatively evaluated against 50 soil point observations based on overall accuracy, precision,
recall and Cohen’s kappa coefficient (k) metrics. Evaluation results showed that an L value of 20
cells performed best (k = 0.52; overall accuracy = 0.62) followed by an L value of 30 cells (k =
0.50; overall accuracy = 0.58). L values of 60, 70 and 80 cells performed worse (k = 0.35; overall
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accuracy = 0.48). Although an L value of 20 cells performed slightly better than an L value of 30
cells, the L value of 30 cells better captured the geomorphology and soil-landscape relationships
based on expert knowledge, legacy data, and the fact that the bottomlands pattern was more
continuous for an L value of 30 cells than for an L value of 20 cells. Upland summits occurred
over ~32% of the plateau and were occupied by Nitisols on the Upper Plateau and Ferralsols on
the Lower Plateau. Upland midslopes occurred over ~42% of the plateau and were occupied by
Acrisols on the Upper Plateau and Acrisols/Ferralsols on the Lower Plateau. Bottomlands
occurred over ~26% of the plateau and were occupied by Luvisols/Gleysols on both the Upper
and Lower Plateau. Geomorphons, as a method of landform classification, correlated to
geomorpho-pedological processes and captured soil variations and differences in the study area.
The approach is computationally efficient and can be used for large areas but is limited in that it
only classifies landscapes according to shape. Thus, very steep slopes with Regosols and
Cambisols could not be separated from gentle slopes with Acrisols and Ferralsols.
4.2

Introduction

Landform classification has been widely used as a basic georelief descriptor in both soil and
vegetation mapping (Barka et. al., 2010). Automated landform classification started in the 1990s
(Brabyn, L., 1996, Wood, J., 1996 and Dikau et.al., 1991), and was encouraged by the
emergence of relatively accurate global and regional digital elevation models (DEMs)
(Macmillan et. al., 2000). Elevation information obtained from DEMs is a key parameter for
landform classification (Li et al., 1994; Iwahashi and Pike, 2007; Gao, 2007). Landform
classifications based on DEMs have been more successful in regions with distinct changes in
elevation, or relief heterogeneity (Iwahashi and Pike, 2007; Yang et al., 2009). Landform
classifications are fundamental for understanding the physical, chemical and biological processes

63
in both land surface environments and hydrologic processes (Blaszczynski, 1997; Libohova et
al., 2016).
Geomorphons is an automated landform classification method based on the principle of pattern
recognition using a DEM as an input (Jasiewicz and Stepinski, 2012). This approach utilizes
local ternary patterns (LTPs) and line-of-site principles to identify unique terrain forms called
geomorphons. This concept detects all landforms in a single window size by assigning an
appropriate geomorphon to every DEM raster cell in a single scan (Jasiewicz and Stepinski,
2012; Liao, 2010).
Predicting soil types based on landform classification utilizes fundamental soil science concepts
such as the soil catena concept (Milne, 1935) and the concept of major soil forming factors
(Jenny, 1945). By capturing the local topography, geomorphons can be used to predict soil types
and properties along a slope. In traditional soil mapping approaches, soil scientists develop
conceptual soil landscape models by sampling at specific points and along transects, and
combining these observations with elevation information from topographic maps and
stereoscopic examination of aerial photography (Soil Science Division Staff, 2017). In digital
soil mapping, landform analysis can be automated using DEMs, which makes the approach more
consistent, reproducible and easier to update compared to the traditional approach. Landform
classifications, however, are dependent on the adaptations made by classifiers to reflect the local
environmental conditions and may lack standards for consistent terrain classifications
(MacMillan and Shary, 2009).
In this context geomorphons promise a solution to potential inconstancies in soil-landscape
segmentation by soil mappers and/or by other automated landform classification approaches. In
this study, we utilized the geomorphons landform recognition technique to model how soils vary
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across the landscape on two geomorphic units, the Upper Plateau and the Lower Plateau, of the
Uasin Gishu Plateau in western Kenya. The Upper Plateau consists mainly of rolling hills and
steep slopes marked by very distinct changes in elevation, or relief heterogeneity. The Lower
Plateau, on the other hand, consists mainly of very gently undulating slopes with low variability
in relief. Besides a prediction for soil types established through soil-landscape relationships, this
study also provides insight as to how different levels of relief variability may affect landform
classification using geomorphons and, consequently, prediction of soil types. The geomorphonsbased mapping technique described here provides a different approach to mapping soil types
compared to traditional soil survey methods (Sombroek et al., 1982), and to a previous study of
the same study area using soil-landscape relationships drawn from terrain attributes (Chapter 3).
4.3

Materials and Methods

4.3.1 Study site
Our study site is located in the Uasin Gishu Plateau in the central western part of Kenya between
latitude 0° and 1° N and longitude 34°50' and 35°30' E (Fig. 4.1). The study site consists of an
area of 3,064 km2, with the Upper Plateau occupying 613 km2 and the Lower Plateau occupying
the remaining 2,451 km2. The physiography, geology, and climate of the plateau as well as the
criteria and process for the delineation of the Upper Plateau and Lower Plateau are described in
Chapter 3.
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4.3.2 Data sources
The 30 m NASA Shuttle Radar Topographic Mission (SRTM) digital elevation model was
downloaded from the USGS Earth Explorer website (http://earthexplorer.usgs.gov).
A field soil survey was conducted in early 2016 using profile pits, auger bores, and road cuts. A
total of 50 soil point observations were made for the purposes of evaluating the soil type maps,
with 23 points on the Upper Plateau and 27 on the Lower Plateau. A set of transects designed to
capture the catena of the soil map units typical for the Uasin Gishu Plateau landscape were used.
The field soil survey is described in detail in Chapter 3.
Legacy data were obtained from the Reconnaissance Soil Map of the Lake Basin Development
Authority area, Western Kenya at a scale 1:250,000 (Andriesse and Van der Pouw, 1985),
hereafter referred to as the LBDA Soil Map.
4.3.3 Pre-processing of the DEM
Preprocessing of the SRTM DEM was done in ArcGIS 10.4. Re-calculation of the mean for each
pixel was done to remove noise and produce a smoother elevation surface by using the Focal
Statistics tool based on a 5 x 5 pixel rectangular neighborhood around the central pixel. A
hillshade was calculated using the Hillshade tool in ArcGIS 10.4.
4.3.4 Landform classification using geomorphons
Geomorphons were calculated from the smoothed 30 m SRTM DEM using the module
r.geomorphons “add-on” in GRASS GIS (GRASS Development Team, 2012; Jasiewicz and
Stepinski, 2012). The concept utilizes local ternary patterns (LTPs), which is an 8-tuple pattern
of the visibility neighborhood. The visibility neighborhood implies that the pixels are determined
from the line-of-sight principle (Fig. 4.2) and not necessarily from immediate neighbors of the
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focus pixel in the grid. The line-of-sight principle uses zenith and nadir angles to relate surface
relief and horizontal distance. The LTPs arise from an 8-neighborhood window, as in the 8
compass directions, whereby each of the 8 neighborhood pixels are assigned a value of 1, 0, or 1, as determined by their elevation relative to the focus pixel. The neighborhood pixel is assigned
a value of 1 if the elevation is greater, -1 if the elevation is less, and 0 if the elevation is the same
(Fig. 4.3). The LTPs have 8 slots each, thus, the number of different possible patterns is 38 =
6561. Eliminating multiples due to either rotation or reflection, a set of 498 patterns are left
(Jasiewicz and Stepinski, 2012; Liao, 2010). These geomorphic patterns, which are referred to as
geomorphons, constitute a comprehensive and exhaustive set of idealized landform elements.
The 30 most common geomorphons account for 85% of all pixels, hence the abundances are very
uneven. In practice, the number of landform elements in a geomorphic map is reduced to suit a
typical terrestrial landscape where the 10 most frequent and commonly recognizable
geomorphons are: flat, peak, ridge, shoulder, spur, slope, hollow, footslope, valley and pit
(Jasiewicz and Stepinski, 2012). These 10 geomorphons and their 3D morphologies are
illustrated in Fig. 4.4.
Pattern recognition is based on two free parameters, the search radius which is commonly
referred to as the look up distance (L) and the flatness threshold, t. The value of L is critical in
identifying and classifying landforms. Terrain classification from a higher and wider perspective
requires the use of larger L values, while terrain classification from a local point of view requires
smaller L values. Landforms that are smaller than L require an input of a small L value in order
to correctly identify them, whereas larger landforms are broken down into components when L is
small (Jasiewicz and Stepinski, 2012). The value of t determines at what angle a flat terrain is
detected, which determines the value of a slot in a LTP corresponding to direction, D, and look
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up distance (L). The value, DΔL, depends on the differences between the zenith and nadir angles
as given in the formula:
1 𝑖𝑓 𝜓 − 𝛷 ˃ 𝑡
DΔL=[ 0 𝑖𝑓 𝜓 − 𝛷 ˂ 𝑡 ]
−1 𝑖𝑓 𝜓 − 𝛷 ˂ − 𝑡

(1)

where ψ is the nadir angle and Φ is the zenith angle.
For this study, L values of 10, 20, 30, 40, 50 60, 70, 80, 90 and 100 cells and a flatness threshold
of 0.5 degrees (0.87% slope or ~ 1% slope) were used to identify the 10 most common
landforms. Different threshold values of 0.01, 0.5 and 2 degrees were tested for their
effectiveness in capturing soil-landscape relationships. We found that as the flatness threshold
value was decreased from 2 degrees, the soil-landscape relationships were captured better up to
0.5 degrees, after which there were no significant differences across all the L values. A threshold
value of 2 degrees resulted in most of the Lower Plateau being classified as flat, which was
incorrect (Fig. 4.5a). A threshold value of 0.5 degrees was therefore chosen because it resulted in
classifying the area into geomorphons that represented the geomorphic complexity of the Lower
Plateau (Fig. 4.5b), which has ~56% of land area occurring within the 0-2% slope class.
Nine of the 10 common geomorphons were identified, but flat was missing (Fig. 4.6). These 9
landforms were then reclassified into 3 classes as shown in Table 4.1 and Fig. 4.7. Class 1, which
we refer to as upland summits, encompasses the convex landforms: summit, ridge, shoulder, and
spur. Class 2, which we refer to as upland midslopes, contains only the planar landform: slope.
Class 3, which we refer to as bottomlands, consists of the concave landforms: hollow, footslope,
valley and pit. The reclassification was based on the major slope shapes (Schoeneberger et al.,
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2012), expert knowledge and legacy data to facilitate the understanding and capturing of soillandscape relationships and distribution (Ashtekar et al., 2014). The Upper Plateau and the
Lower Plateau have different soil types occurring on the upland summits and upland midslopes
but the same soil types on the bottomlands. Taking into account a total of four soil types on the
upland summits and upland midslopes for the whole plateau along with one soil type common on
the bottomlands, led to a final output of five predicted soil map units (Table 4.1) for each of the
different L values.
4.3.5 Evaluation of the soil type map
Quantitative evaluation was based on 50 observed soil data points which were used to assess the
model performances for the different L values. A confusion matrix (Table 4.2) was used to
calculate overall prediction accuracy, Cohen’s kappa coefficient, recall, and precision.
Cohen’s kappa coefficient (k) is a measure of how much agreement is actually present (observed
agreement) compared to what would be expected to be present by chance (expected or chance
agreement). k is defined as:
𝑘=

𝑝𝑜− 𝑝𝑒

(2)

1−𝑝𝑒

where po is the overall or observed accuracy, and pe is the expected accuracy where:
𝑝𝑒 = ∑𝑘𝑖=1

(𝑇𝑁+𝐹𝑃)×(𝑇𝑁+𝐹𝑁)+(𝐹𝑁+𝑇𝑃)×(𝐹𝑃+𝑇𝑃)
𝑛×𝑛

(3)

where n is the total number of observations, k is the number of classes, TN is the true negative,
FN is the false negative, FP is the false positive and TP is the true positive.
Overall accuracy (AC) describes the relation between all correctly classified patterns (pixels) (tt,
ff) and all pixels in the corresponding areas.
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𝑡𝑡+𝑓𝑓

𝐴𝐶 = 𝑡𝑡+𝑡𝑓+𝑓𝑡+𝑓𝑓

(4)

where t means true and f means false.
Recall (RC), also called producer’s accuracy, describes the relation between all mapped and
correctly predicted pixels of the corresponding soil unit (tt), and the summation of the total
mapped and correctly predicted pixels (tt) and the total mapped but falsely predicted pixels (ft).
𝑅𝐶 =

𝑡𝑡
𝑡𝑡+𝑓𝑡

(5)

Precision (PC), also called user’s accuracy, relates the mapped and correctly predicted pixels to
the summation of the mapped and correctly predicted pixels (tt) and the predicted but not
mapped pixels (tf).
𝑡𝑡

𝑃𝐶 = 𝑡𝑡+𝑡𝑓
4.4

(6)

Results and Discussion

4.4.1 Influence of the L values on soil type predictions
Based on the classification criterion described in section 2.4, the three major landscape positions
are shown in Fig. 4.7 for selected L values of 30, 70 and 100 cells. The final output of five
predicted soil map units for each of the L values of 10, 20, 30, 40, 50 60, 70, 80, 90 and 100 cells
were evaluated against the observed soil points using overall accuracy, precision, recall and
Cohen’s kappa coefficient (k) (Cohen, 1960) evaluation metrics. The five predicted soil map
units for selected L values of 30, 70 and 100 cells are shown in Fig. 4.8.
Results of evaluation of the geomorphic-based classification method showed that look up
distance (L) value of 20 cells performed best (k = 0.52; overall accuracy = 0.62) followed by an
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L value of 30 cells (k = 0.50; overall accuracy = 0.58) compared to the other L values (Table
4.3). L values of 60, 70 and 80 cells performed worse (k = 0.35; overall accuracy = 0.48)
possibly due to overrepresentation of the landforms present which were probably smaller than
these L values (Jasiewicz and Stepinski, 2012). Although an L value of 20 cells performed
slightly better than an L value of 30 cells, the L value of 30 cells better captured the
geomorphology and soil-landscape relationships present on the plateau based on our own expert
knowledge, legacy data, and the fact that the bottomlands pattern was more continuous for an L
value of 30 cells than for an L value of 20 cells. Therefore, we chosen an L value of 30 cells as
the basis for predicting soil types.
The evaluation process was limited to the available “ground truth” soil point observations. Given
the spatially heterogeneous and diverse distribution of soils present in the study area, the location
and distribution of “ground truth” soil point observations could have affected the evaluation
results. For example, the majority of the field observations (27 total) belonged to the upland
summits, 15 belonged to the bottomlands and 8 to the upland midslopes (Table 4.1). Soil
sampling was done along transects as described in Chapter 3. Use of another soil sampling
method such as the stratified random soil sampling technique designed to capture expected soil
types, could have led to a better distribution and representation of soil observation points, but we
conducted the field sampling at the beginning of the project before we had a sufficient
understanding of the soil landscape and before we had generated the predicted soil map.
Generally, the stratified random soil sampling technique has been proposed as a good choice due
to its simplicity and straightforward relative precision especially where present or expected soil
map units are used as a strata (Brus et al., 2011).
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4.4.2 Soil type map
Upland summits occurred over ~32% of the plateau and were occupied by Nitisols on the Upper
Plateau and Ferralsols on the Lower Plateau (Table 4.1). These soils are well drained. Upland
midslopes occurred over ~42% of the plateau and were occupied by Acrisols on the Upper
Plateau and Acrisols/Ferralsols on the Lower Plateau. These soils are mostly well drained or
moderately well drained. Bottomlands occurred over ~26% of the plateau and were occupied by
Luvisols/Gleysols on both the Upper and Lower Plateau. These soils are somewhat poorly
drained to poorly and very poorly drained. The five final soil map units are shown in Fig. 4.9b.
On the LBDA Soil Map, the soils on the Upper Plateau are mapped almost exclusively as
Nitisols (~99%) with a very small portion of Gleysols (~1%), while the soils on the Lower
Plateau are mapped as Ferralsols (~80%) with portions of Gleysols and Regosols (~20%) (Fig.
4.9a). This is a simplification of the catenary sequence and an under represents the slope
positions present on the landscape. The output from our study captured the catena fairly well and
provides a more detailed prediction of soil types. We were also able to place two additional soil
types (identified as Acrisols and Luvisols from Chapter 3) on the landscape in addition to the
three existing soil types (Ferralsols, Nitisols and Gleysols) shown on the LBDA Soil Map.
Regosols and Cambisols also occur on the Lower Plateau and their locations were mapped on the
predicted soil map of our previous work (Chapter 3) and on the LBDA Soil Map, but we were
unable to place them on the map bases solely on geomorphons landform classification. Regosols
and most of the Cambisols occur on the steepest slopes on the lava steps of the Lower Plateau,
but since geomorphons do not distinguish landforms that differ by slope gradient, the lava steps
could not be unambiguously located using geomorphons.
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4.4.3 Effect of elevation differences on soil type predictions
Evaluation of a map is essential in soil classification as it aims to provide a qualitative or
quantitative summary of the classification performance of a method. One of the ways to evaluate
a classification method is based on the conformity of the predicted soil type map to expected
hillslope-profile positions in a catenary sequence (Schoeneberger et al., 2012; Milne, 1935).
Based on a qualitative measure, the geomorphons landform classification produced varying
results between the Upper Plateau and the Lower Plateau. Although bottomlands were captured
fairly well, the majority of the low spots captured on the upland summits and upland midslopes
of the Lower Plateau did not necessarily have soil drainage issues. This was seen across all the L
values before and after reclassification as shown for the selected L values of 30, 70 and 100 cells
(Figs. 4.6, 4.7 and 4.8). This could have affected the overall performance of geomorphons in
predicting soil types as observed from the recall accuracy measure of the Luvisols/Gleysols
which was low (0.37) at L value of 30 cells due to possible omission of the specific geomorphon
units into the bottomlands slope position of the Lower Plateau.
Just like other classification methods, the pattern recognition for landform classification with
geomorphons assigns individual cells to landform classes. One shortcoming of the geomorphons
algorithm is that it assigns individual cells to landform classes independent of the assignment of
surrounding adjacent cells. Thus, adjacent cells are sometimes assigned to different classes
(Burrough et. al., 2001). Also, the pixel by pixel based classification of landforms is solely
defined thematically and hence, the landforms may not represent spatially consistent and
confined objects. Instead, pixels are assigned to classes following thresholds of categories
previously defined (Minar and Evans, 2008; Deng, 2007). Following this, landform boundaries
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are given by the edges of the aggregated pixels which may not coincide with the real
morphologic discontinuity or slope positions in a given landscape (Smith, 1995).
For this study, there was an observed mild spatial scattering of pit and hollow geomorphon units
(grouped in bottomlands) on the upland summits and upland midslopes of the Lower Plateau
which led to misclassification of soil types. There was no observed spatial scattering of
geomorphon units on the Upper Plateau. The Lower Plateau has low relief heterogeneity while
the Upper Plateau has high relief heterogeneity, and this could explain these observations. Just
like landform classification using topographic position index grids, geomorphons also works
better in more heterogeneous landscapes where there is great variation in relief (De Reu et al.,
2013; Kramm, et al., 2017).
The object-based landform classification approach introduced by Dragut and Blaschke (2006),
has been widely used in geomorphometry (Bhaskaran ET AL., 2010; D’Oleire-Oltmanns, 2013;
Pedersen, 2016; Schneevoigt, 2008; Van Asselen and Seijmonsbergen, 2006). It takes advantage
of the segmentation technique prior to classification and partitions the data into semantic objects.
Kramm et al. (2017) found that the object-based classification approach performed best in
classifying landforms for deriving soil-landscape relationships in flat and gently undulating
landscapes. The object-based classification approach may have been more effective than the
pixel by pixel classification on the Lower Plateau. The Lower Plateau has flat to very gently
undulating (0-2%) and gently undulating (2-5%) slopes based on the FAO slope classes (FAO,
1974) and as adopted by the Kenya Soil Survey in generating the LBDA Soil Map (Andriesse
and Van der Pouw, 1985).
The presence of spatial scattering of pit and hollow geomorphon units could also be attributed to
the DEM pixel resolution of 30 m, which is coarse enough to limit more quantitative landform
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analysis and hence affects the prediction of soil types. A finer DEM pixel resolution may have
produced better results (Hengl, 2006). Finer pixel resolution DEMs (~1.5 m) have, however,
been found to over-classify landscape features by identifying micro-features as landforms that
may not be real soil-landscape relationships (Libohova et al., 2016; Winzeler et al., 2008).
4.4.4 General implications of predicted soil types
In this study, we were able to place two additional soil types (Acrisols and Luvisols) and obtain
more spatially detailed soil types using the geomorphon approach of mapping compared to what
was present in the LBDA Soil Map. More spatially detailed soil maps are likely to be more
useful to farm advisors and farmers who need to make informed soil management decisions at
local scales. This study demonstrates the relationship between soil types and landforms in
predicting and quantifying soil processes at a more detailed scale.
4.4.5 Conclusions
Geomorphons, as a method of landform classification, correlated to geomorpho-pedological
processes that define soil variations and differences and thus were useful in establishing soillandscape relationships. Geomorphons had the shortcoming of mild spatial scattering of some of
the geomorphon units possibly from pixel by pixel based classification effects and coarse DEM
resolution, and did not predict all the expected soil types. The predicted distributions of soils
types were, however, more spatially detailed compared to previous maps, making them likely to
be more useful to support land management decisions at finer scales. The prediction of these soil
types using geomorphons was relatively fast and consistent and may be beneficial to improving
soil maps, especially where the existing soil maps are very general and lack the level of detail
needed to support farm level decisions. We also concluded that different levels of relief
heterogeneity affect soil type predictions because in low relief areas landforms were less
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definitively defined due to spatial scattering of geomorphon units compared to the high relief
areas.
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Figure 4.1. Study area showing the Lower Plateau (1) and the Upper Plateau (2) of the Uasin
Gishu Plateau.
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Figure 4.2. Concept of zenith and nadir angles (From Jasiewicz and Stepinski, 2012 with
permission).

Figure 4.3. Concept of LTP showing: (A) representation of a DEM around the pixel of interest,
(B) representation of the ternary pattern of the relative elevations between the focus pixel and its
neighbors, (C) representation of each of the 8 neighborhood pixels and assigned values of 1, 0, or
-1, (D) LTP assignment to a pixel in the raster (From Jasiewicz and Stepinski, 2012 with
permission).
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Figure 4.4. Ten of the most common geomorphons and their representative 3D morphologies
(From Jasiewicz and Stepinski, 2012 with permission).
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Figure 4.5. Flatness threshold (t) of 2, 0.5 and 0.01 degrees for L values of 30 cells. Legend: 1=
flat, 2 = peak, 3 = ridge, 4= shoulder, 5 = spur, 6 = slope, 7 = hollow, 8 = footslope, 9 = valley,
and 10 = pit.
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Figure 4.6. Distribution of the 9 geomorphons for selected look up distances of 30, 70 and 100
cells, respectively, along with their detailed maps (a1 to c3) for areas 1, 2 and 3. Legend: 2 peak,
3 = ridge, 4= shoulder, 5 = spur, 6 = slope, 7 = hollow, 8 = footslope, 9 = valley, and 10 = pit.
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Figure 4.7. Distribution of the reclassified geomorphons showing the 3 major landscape positions
for look up distances of 30, 70 and 100 cells, respectively, along with their detailed maps (a1 to
c3) for areas 1, 2 and 3. Legend: 1 = upland summits, 2 = upland midslopes, 3 = bottomlands.
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Figure 4.8. Distribution of the reclassified geomorphons showing the 5 predicted soil map units
for selected look up distances of 30, 70 and 100 cells, respectively, along with their detailed maps
(a1 to c3) for areas 1, 2 and 3. Legend: 1 = Ferralsols, 2 = Acrisols/Ferralsols, 3 = Nitisols, 4 =
Acrisols, and 5 = Luvisols/Gleysols.
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Figure 4.9. Comparison of the LBDA Soil Map (a) and the predicted soil type map at L value of
30 cells (b), along with their detailed maps (a1 to b3) for areas 1, 2 and 3. Legend for column a:
BI1 and VIC = Gleysols, LIA and LIC = Ferralsols, Uh1 = Nitisols, and RB5 = Regosols. Legend
for column b: Acr/Ferr = Acrisols/Ferralsols, and Luv/Gley = Luvisols/Gleysols.
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Table 4.1: Percentage area distribution of geomorphons for an L value of 30 cells and a t value of
0.5 degrees and the three major landscape positions, along with the number of soil point
observations per landscape position and the predicted soil types.
Predicted soil types
Area
Geomorphon

(%)

Peak

1.4

Ridge

9.0

Shoulder

0.4

Spur

20.8

Slope

42.1 Upland midslopes

Pit

15.9

Valley

0.5

Footslope

9.1

Hollow

0.9

Upland summits

Bottomlands

Number of
soil point
observations

Lower Plateau

Upper Plateau

27

Ferralsols

Nitisols

8

Acrisols/Ferralsols

Acrisols

15

Luvisols/Gleysols Luvisols/Gleysols
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Table 4.2: Confusion matrix for comparing mapped and predicted pixels based on prediction
accuracy, precision, and recall (t=true; f=false) (Smuc et al., 2001).
Mapped

Predicted

true

false

true

tt

tf

false

ft

ff

Table 4.3: Evaluation of the predicted soil types at different L values
Soil type name
Nitisols
PC

Acrisols
RC

PC

Ferralsols

L

RC

RC

PC

L10

0.92 0.86 0.60 1.00 0.38 0.60

L20

Luvisols/Gleysols
RC

PC

Overall accuracy

k

0.47 0.64

0.60

0.49

0.85 0.92 0.80 0.89 0.38 0.60

0.47 0.69

0.62

0.52

L30

0.85 0.83 0.50 0.83 0.50 0.50

0.37 0.77

0.58

0.50

L40

0.85 0.73 0.50 0.83 0.50 0.50

0.37 0.70

0.54

0.43

L50

0.85 0.69 0.40 0.80 0.63 0.56

0.37 0.77

0.54

0.43

L60

0.85 0.65 0.20 0.67 0.63 0.56

0.32 0.67

0.48

0.35

L70

0.85 0.65 0.20 0.67 0.63 0.56

0.32 0.67

0.48

0.35

L80

0.85 0.65 0.20 0.67 0.63 0.56

0.32 0.67

0.48

0.35

L90

0.85 0.65 0.20 0.67 0.75 0.60

0.32 0.67

0.50

0.37

L100 0.85 0.65 0.20 0.67 0.75 0.60

0.32 0.67

0.50

0.37
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L = Look up distance (cells), k = Kappa coefficient, RC = recall, and PC = precision
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CHAPTER 5. ASSESSING THE AVAILABILITY AND ACCESSIBILITY
OF SOILS INFORMATION BY FARMERS IN KENYA: A REVIEW

5.1

Abstract

The deterioration of soil health calls for diverse ways to improve on the sustainability of soil
resources in Kenya. To achieve this, the quantity and quality of soils information and its
accessibility to farmers needs to be addressed. This review is divided into three parts. First, we
review the existing soils information available for Kenya in the form of legacy data and expert
knowledge, and progresses and challenges in digital soil mapping (DSM). We also look at the
institutional framework and support in Kenya for addressing soil-related issues. In the second
part, we review the state of delivery of soil information by various public and private sectors, and
the role played by extension officers and e-extension in Kenya. Gaps exist in acquiring and
delivering soils information to farmers in Kenya. Current soils information could be improved by
using a knowledge-based inference DSM approach to produce detailed, high resolution
predictive soil maps with limited data. e-extension using cell phone networks holds great
promise to deliver soils information in Kenya.
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5.2

Introduction

5.2.1 Soil as a natural resource
Soil is an essential resource for survival of plants, animals and humans and acts as a basis for
provision of food, feed and fiber. Soil, as a medium for plant growth, determines which types of
crops can be grown, where they can be grown and the expected yield given a favorable climate.
In addition to supporting agricultural productivity, soil also regulates water and solute flow
through landscapes, filters hydrologic systems, and sustains the biodiversity of ecosystems. Soil
is finite in nature and with time it loses its productivity in agricultural systems that do not receive
outside inputs. Many soil-related issues such as those of soil degradation (Koch et al., 2012;
ISRIC, 2012), soil health (Doran, 2012; FAO and ITPS, 2015), crop losses and soil acidity
(Blum, 2005; Menon at al., 2014) constrain the productivity of soils, which limits food
production. It is therefore important to set objectives and goals that help support and address
soil-related issues and agricultural management.
Provision of specific, data-driven soils information and recommendations that are usable by
farmers to improve the productivity and sustainability of their farms, is essential (Carlisle, 2016).
Integration of traditional and digital soil mapping (DSM) techniques to improve soils
information proves feasible in addressing soil management issues such as soil health and quality
(Cook et al., 2008). Providing detailed, high resolution soils information to farmers and their
advisors could assist them in making informed decisions that would lead to improvement of their
farm productivity and sustainability of soil, and hence result in increased profitability and food
security.
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5.2.2 Significance of this review
In this review, we analyze some of the currently available soils resources and their accessibility
to farmers in Kenya in the form of traditional and digital soil maps, and the institutional
framework in addressing soil-related issues. We suggest integration and utilization of traditional
soil maps and expert knowledge with new soils information using DSM technology to improve
soils information through collaboration and contribution from both public and private sectors.
We suggest that there is a need for strengthening of public and private partnerships to increase
spatial coverage of soils information and its availability. There is much soils information
embedded within institutions that support soil-related initiatives that can be utilized with lowcost technologies to generate high-value soils information for end users. We also suggest ways
for delivering more soils information on a platform that can be readily accessed and utilized by
organizations, extension officers, and farmers in Kenya. We acknowledge that the process of
staffing more extension officers can be expensive for both public and private institutions and that
the aims of public and private sectors are not always aligned. The present system of acquiring,
sharing and delivery of soils information can be improved through interventions that target
extension officers and farmers. Building and strengthening the capacity of farmers and extension
officers can be done through e-extension. Minimal extension officer involvement through use of
relatively affordable technologies using cell phone networks can be feasible in Kenya.
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5.3

Available soil resources in Kenya

5.3.1 Traditional soil maps
Kenya has some of the best soils databases and maps in Africa, most of which were produced
using traditional soil survey methods. Soil survey in Kenya, which is currently the responsibility
of the Kenya Soil Survey (KSS), has produced traditional soils maps largely based on the catena
concept (Milne, 1935c). The 1980 Exploratory Soil Map of Kenya, scale of 1:1,000,000
(Sombroek et al., 1982) was the fourth attempt to inventory Kenya’s soil resources in a more
comprehensive way. The first was Milne’s provisional 1:2,000,000 Soil Map of East Africa
(Milne, 1935b, d; 1936). The second, at a scale of 1:3,000,000, was published in the first edition
of the National Atlas of Kenya (Survey of Kenya, 1959) and was prepared by Gethin-Jones and
Scott (1959). The third, was a 1:4,000,000 soil map of East Africa prepared by Scott (1969) with
the same information found in Morgan’s book on the peoples and natural resources of East
Africa (Morgan, 1969). The 1980 Exploratory Soil Map of Kenya was generated using
information on soils, geology, topography, vegetation and land use that had been obtained after
the soil map prepared by Gethin-Jones and Scott (1959). Exploratory field trips were conducted
to update this information. During soils field trips, soils descriptions that represented the
landscape were obtained after consulting the existing topographic, geologic and vegetation maps,
aerial photographs and satellite imagery (ERTS-Landsat) (Sombroek et al., 1982).
Following the completion of the 1980 Exploratory Soil Map of Kenya, the KSS made regional
improvements to soil maps. According to Nachtergaele and Van Ranst (2003) and Zinck (1995)
who analyzed coverage of soil surveys in 44 low and middle-income countries, Kenya has 100
small-scale (1:500,000 to ±100,000); 25 medium-scale (1:100,000 to ±50,000) and no large-scale
(≤1:25,000) maps. An example of a regional soil map would be the 1985 Reconnaissance Soil
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Map of the Lake Basin Development Authority Area (LBDA), Western Kenya (LBDA Soil
Map), produced at a scale of 1:250,000 (Andriesse and Van der Pouw, 1985), and prepared by
the Netherlands Soil Survey Institute (Stiboka) in cooperation with the KSS for the purpose of
supplying soil information in a standardized format to the database. The LBDA Soil Map was
based on soil information available as of 1985, with additional fieldwork to supplement areas
that had not been previously surveyed. Soil observations from auger-holes and road-cuts were
used to characterize the soils and to make confirmations and adjustments of the soil boundaries
that had been tentatively drawn on topographic base maps at a scale of 1:50,000 by the Survey of
Kenya in 1970 (Andriesse and Van der Pouw, 1985). Estimation of the boundary delineations for
the different soil mapping units was based on the physiographic interpretations of the
topographic maps along with interpretation of aerial photography at a scale of 1:50,000 (Survey
of Kenya, 1970); geologic maps at a scale of 1:125,000 (Mines and Geologic Department); the
1980 Exploratory Soil Map of Kenya at a scale of 1:1,000,000 (Sombroek et al., 1982);
vegetation maps of Western Kenya (Trapnell, 1969), and satellite imagery at a scale of 1:250,000
(ERTS-Landsat). A district level example of a soil map is the semi-detailed soil map of the
poorly drained areas in Uasin Gishu district at a scale of 1:50,000, which was produced as a
follow up improvement of the LBDA Soil Map in 1987 (Kimani et al., 1987).
In 1982, it was appreciated that these maps can be used as a first basis for making general
decisions in soil conservation and management and also for making general assessments like
land suitability for arable cropping and irrigation development (Sombroek et al., 1982). The
maps cannot, however, be used for making farm level decisions in soils and crop management.
There is a need to address issues of the usefulness, effectiveness and applicability of soil
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information at the local scale of a Kenyan smallholder farmer because the local spatial variability
is under-represented in existing soil information.
Worldwide, the multi-functionality of soils including provision of ecosystem services and socioeconomic benefits has also for past few decades emphasized the limited applicability of
traditional soil surveys due to their small scales and discrete nature. These soils surveys have
been criticized for not being able to respond to current requirements from user communities in
environmental modeling and land use planning (McBratney et al., 2000; Ziadat, 2005;
Kravchenko et al., 2006a). More current soils data and information could possibly be more
useful in understanding aspects such as those of soil biota, soil stability, soil carbon pools, soil
erosion and soil contamination that are needed to address the emerging concerns like climate
change, food security and bio-energy production (Cook et al., 2008).
5.3.2 Efforts and challenges in providing more soils information to farmers
Several public and private agricultural sector efforts and large scale, research-based projects are
underway to improve soils information. The Africa Soil Information Service (AfSIS) is
developing continent-wide digital maps of selected soil properties for Sub-Saharan Africa using
a geostatistical digital soil mapping approach and has released datasets at a resolution of 250 m
(AfSIS, 2015). There are concerns about the applicability of these maps in making local soil and
land use management decisions at a farm level scale since the current mapping is at small scale
and low spatial resolution.
The Kenya Soil Survey (KSS) is also making efforts to update and improve their soils databases,
but this is an expensive and time-consuming task. Most of their digital soil mapping research
work is client-based and is highly dependent on the funds available (Peter Macharia, Head,
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Kenya Soil Survey, personal communication, April 5, 2016). There are other public
organizations, private companies and research-based initiatives that aim at providing practical,
agronomically relevant, location specific soils, crops, and land use management information on a
cost basis or through research projects with individual farmers, cooperatives, and agricultural
entrepreneurs. These include the Kenya Agricultural and Livestock Research Organization
(KARLO) (http://www.kalro.org), Kenya Soil Health Consortium
(https://africasoilhealth.cabi.org), Soil Cares (http://www.soilcares.com), CROPNuts
(http://cropnuts.com), Land Potential Knowledge System (LPKS) (https://landpotential.org), the
Regional Center for Mapping and Resource Development (RCMRD) (http://www.rcmrd.org),
the Alliance for a Green Revolution in Africa (AGRA) (https://agra.org), the International
Livestock Research Institute (ILRI) (https://www.ilri.org) the International Center for Tropical
Agriculture (CIAT) (http://ciat.cgiar.org), the World Agroforestry Centre
(http://www.worldagroforestry.org) and the Food and Agriculture Organization of the United
Nations (FAO) (http://www.fao.org/kenya/en). Other private sector organizations such as Kenya
Electricity Generating Company Limited (KenGen), East African Brewers, Coca Cola and the
Nairobi Water Company through the Nairobi Waterfund Project have also supported soil fertility
and management through public-private partnerships to provide farmers with useful soils
information through fertilizer application (Okolo, 2015).
The government of Kenya, through the Ministry of Agriculture, along with stakeholders such as
the ones mentioned above, has initiated processes and projects to address issues of soil health,
especially with the aim to address the challenge of food security. These include integrated soil
fertility management (ISFM), crop diversification, promotion of water and soil management
measures, green house farming, agroforestry, and contour and conservation agriculture farming
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programs. Most of these are donor funded programs. Donor funded programs are, however,
unsustainable because their visions are not owned by the government, and hence cease once the
donors withdraw funding. This is partially due to lack of follow up and lack of long-term budgets
(Okolo, 2015). Agricultural policies such as the Agriculture Policy, Fertilizers and Soil Fertility
Policy, and the Sessional Paper on Soil fertility, also address soil health issues and interventions
through promotion of programs such as soil erosion control, agroforestry and riverbank
protection.

5.3.3 Way forward in providing more soils information to farmers
Many, if not all, DSM techniques can potentially be applied in Kenya to map soils depending on
data availability and accessibility to scientists and researchers. Gonzalez et al (2008), Hartemink
et al (2008), and Dent and Bai (2008) in their studies concluded that many tropical countries like
Kenya have limited availability of detailed spatial soil data due to limited infrastructure and
spatial soil data to apply these techniques. The existing soil databases are also incomplete,
fragmented, and not exhaustive enough to enable direct assessment of these resources. The
increasing emphasis on precision agriculture has led to the need for more intense use of
information technology and a wide array of technologies such as geographic information system,
global positioning system, sensors, drones, robotics, autonomous vehicles and software in
provision of agronomic services (McBratney et al., 2005).
Literature provides many examples where digital soil mapping has been efficient and effective in
soil surveying for predicting and mapping soils. Many of these examples come from the United
States, Canada and Western Europe (Mora-Vallejo et al., 2008), and are applied over small areas
(less than 100 ha) or over larger areas (less than 150 km2) for semi-detailed surveys (McBratney
et al., 2000; Gessler et al., 2000; Ryan et al., 2000; Florinsky et al., 2002). There are also
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effective regional applications of DSM techniques (Mora-Vallejo et al., 2008; Yang et al., 2017).
For Kenya, Mora-Vallejo et al. (2008) tested DSM techniques for a reconnaissance survey in
southeastern Kenya using environmental covariates of climate, relief, parent material and
normalized difference vegetation index (NDVI), to make predictions for soil organic carbon and
clay. Juma et al. (2016) utilized the Soil and Terrain (SOTER) soil database, Landsat spectral
data and topographical indices to refine the soil map of the Baringo District using DSM
techniques. Were at al. (2016) did a study to make predictions for soil organic carbon and total
nitrogen using DSM techniques for the Eastern Mau Forest Reserve. These are some of the
examples of the few studies that have been done using DSM technology, specifically pedometric
approaches, in Kenya.
The demands on the soil resources in Kenya calls for diverse ways to improve on the quantity
and quality of soils information and its accessibility to the farmers. Due to the limited availability
and accessibility of soils data and information in Kenya, we utilized knowledge-based DSM
techniques that are applicable in the presence of limited soil data for calibration and evaluation
of predictive models in studies presented in chapters 3 and 4 of this dissertation. This approach is
more favorable and affordable to use than the pedometric approach which requires larger
datasets. We recognize, however, that certain institutions in Kenya could be in possession of, or
could afford, larger soil datasets that could favor other pedometric soil mapping approaches. The
latter would certainly be the case for client-based or private soil survey missions, but for most
areas of Kenya, the situation would be that of limited soil datasets.
The knowledge-based soil mapping approach, also called expert systems, provide ways of
harvesting and engineering knowledge in soil classification (Dale et al., 1989; McBratney et al.,
2003). Legacy data in the form of existing soils information and expert knowledge can be
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utilized through this approach and integrated into usable formats. Integration from legacy data
with detailed, high-resolution predictive soil-landscape relationships drawn from a digital
elevation model (DEM) using the knowledge-based approach of soil mapping is essential
because collection and analysis of new soils data and information is costly and time-consuming.
Acquisition of legacy data and existing soils information, however, entails working and
cooperating with institutions in both private and public sectors that support issues of soil health,
security and productivity.
In emerging economies like Kenya, there is a real risk of existing soils information and expert
knowledge being lost or forgotten especially in governmental institutions due to fragmentation,
damage from physical deterioration of paper-based maps and published surveys, and costs for the
maintenance and protection of the storage buildings from risks such as fires and storms
(Arrouays et al., 2017). Organizations such as KARLO and KSS have many soil databases in
their archives and expert personnel who have vast experience with soils in Kenya. Some of these
personnel were involved in producing the very first versions of soil maps in Kenya in the 1980s.
There is a risk of losing the vast knowledge and experience that these personnel have especially
through staff retirement. Loss of such valuable information can be devastating because the soil
resource base is critical to solving many food security issues in Kenya (Arrouays et al., 2017).
The knowledge-based mapping approach could provide an avenue in which existing soils
information and expert knowledge can be tapped to produce improved soil maps.
For the most part, existing soils information in the form of soil maps and reports from public
institutions such as KARLO and KSS is readily available, either freely or at an affordable cost.
This is so for those soil surveys done at national, regional and county levels, but not the clientbased surveys, as they tend to be based on private data that cannot be openly shared without a
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legal consent of the clients involved. Organizations like the International Soil Reference and
Information Center (ISRIC), the Food and Agriculture Organization of the United Nations
(FAO) and the Joint Research Center of the European Commission aim to serve the international
community by providing access to existing soils information while respecting any legal licenses
or restriction to the data. Some of the non-government organizations (NGOs) and private sectors
are open to sharing quality-assessed soils data, too, although this needs more advocacy. Access
to soils data across institutions is needed in order to allow for integration and dissemination of
useful soils information to organizations and farmers. Apart from sharing and accessing this data,
a format that can be readily used is vital.
5.4

Delivery of soils information to farmers in Kenya

5.4.1 Current state of delivery of soils information
Delivery and dissemination of soils information to farmers and its use for decision making is one
of the key goals in many agricultural soil-related researches, projects and missions. Most of the
soils information accumulated through public and private institutions in Kenya is, for most part,
only accessible to the farmers who are in direct connection with these institutions or indirectly
through other linkages such as within stakeholders or farmer to farmer. Also, although issues of
soil health, soil fertility and soil management practices have been addressed through soil-related
initiatives, it is still unresolved and unclear how useful, effective, and applicable the methods of
delivering this information are especially at the local scales of Kenyan smallholder farmers.
According to Okolo (2015) and Achieng et al. (2011), there has not been coordination across
these sectors, rendering the approaches to addressing soil issues like soil health to be marginally
effective at the institutional level. The government of Kenya lacks a routine agricultural policy
analysis cycle in formulation and implementation, which leads to poor use of information in the
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policy documents by planners. (Okolo, 2015). Also, there are few national databases to support
policy formulation and analysis processes.
Private and public institutions involved in soil health and fertility initiatives perform a dual
function because they act as a bridge between scientists and farmers and are also responsible for
dissemination of this information to the farmers through extension officers (Anderson, 2008).
Effective adoption and understanding of soils information and management practices by the
farmers depends highly on the competence of the extension officers (Kimaru-Muchai et al.,
2013). There is, however, minimal interaction between scientists, extension officers, and
farmers, which makes dissemination of soils information hardly effective in Kenya (Okolo,
2015). The traditional method of extension, the Training and Visit (T&V) model, is hardly done
because extension officers lack the necessary training needed for such tasks and the course is
financially unsustainable (Gautam, 2000). Training lead farmers who relay agronomic messages
to others has also been found to be ineffective (Kondylis et al., 2017). Staffing challenges are
also experienced, especially in the agricultural government sector which stands at 1:1,000,
beyond the international ratio of 1:400 (NASEP, 2012). This ultimately affects the quantity and
quality of soils information that reaches farmers as the end users.
5.4.2 Way forward for delivery of soils information
5.4.2.1 Context
As noted earlier, extension officers are few in number and many have limited training.
According to a survey done by KALRO in 2014, 86 percent of farmer participants had never
been visited by an extension officer. Also, from the survey it was concluded that one extension
officer served between 1,500 to 2,500 farmers (Fabregas et al., 2017). More extension officers
need to be hired and more training given to them by the government and private institutions. This
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would, however, be expensive and could also take longer before the government upholds and
actualizes this proposal. Future directions for providing more soils information for relatively
small geographical areas in Kenya with minimal extension officer involvement through use of an
intensive and easily accessible e-extension technology distributed via the cell phone network is
essential. Social networks such as radio and TV can also be useful if effectively used to
communicate to farmers, although these have the disadvantage of covering larger geographical
areas which may generalize agronomic information (Fabregas et al., 2017).

5.4.2.2 Use of mobile phone services by farmers in Kenya
The Kenyan government recognizes and supports the information and communication
technologies (ICT) sector as one of the key drivers to economic growth (Ministry of Information,
Communications and Technology, 2017). International firms such as Google, Nokia, IBM and
local start-ups have greatly expanded, especially in Kenya’s capital, Nairobi. Use of mobile
phones for provision of services, known as m-services, has been on the rise in emerging
economies. In Kenya, the number of mobile money subscribers through the mobile payment
system has greatly increased over the years (Fig. 5.1). M-Pesa, a mobile payment m-service,
launched in 2007 (Vodafone, 2007) (https://en.wikipedia.org/wiki/M-Pesa), forms a great
example of a successful mobile payment system serving millions of Kenyans and is actually said
to have gone viral (Mas and Radcliffe, 2010). Communication to farmers through such mservices can be helpful because it is not limited by distance, volume and medium (von Braun and
Torero 2006). Many Kenyans have continued to use and access mobile phones. According to
Waema et al (2010), 85% of the Kenyan population is covered by mobile phone services. In
2010, mobile phone subscribers exceeded the population of people aged above 15 years (Fig.
5.1). The number of internet users has also been on the rise with 3G, LTE and Broadband
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networks available (Fig. 5.1). Kenya’s mobile phone internet speed is actually said to beat the
United States according to Quartz Africa (2017) (https://qz.com/1001477). According to
Business Daily Africa (2018), Kenya is leading in mobile phone internet traffic globally
(https://www.businessdailyafrica.com/corporate/tech/Kenya-tops-in-phone-internet-traffic/4258474-4349966-3m4lrez/index.html).
Various m-service companies that offer agronomic-related services are available in Kenya. Some
examples (excluding financial companies) are given in Table 5.1. Many of the available mservices in developing countries like Kenya are however designed for low-tech technologies and
dissemination of information is through SMS or voice messages (Hatt et al. 2013; Qiang et al.
2011). According to Baumuller (2016), most of the m-services in Kenya do not focus on farm
input provision. Other than low-tech mobile phones, more advanced technologies such as
smartphones, iPads and tablets are becoming more affordable and accessible all over the world.
These technologies could be useful in delivering detailed, high resolution agronomic information
such as soil maps.
Detailed, high resolution published soil maps, where available, can easily be accessed and
readily used by farmers in Kenya using a smartphone. Kenyans who have smartphones could
take advantage of the available, relatively fast internet to acquire GPS-tracked, location-specific
soils information through smartphones. Technology applications that are better suited to farmers’
needs can be utilized for improved soil and crop production and management. Geo-tagging (use
of mobile phone GPS) has successfully been used for data collection in emerging economies.
These include applications such as LandPKS (https://landpotential.org/landpks), OpenDataKit
(ODK) (https://opendatakit.org), EpiCollect (http://www.epicollect.net), and Magpi
(https://home.magpi.com). For example, LandPKS has been carrying out pilot studies in Kenya
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by providing users with location-specific estimates of land potential based on geo-tagged user
inputs (Herrick et al., 2016). Besides collection of data, cellular networks and internet provide
great opportunities to also disseminate and transfer knowledge and information such as soil
maps.
Detailed, high resolution and location-specific soils information can be delivered to farmers.
Applications such as the Soil Explorer app (Isee Network, 2015 – 2018) (https://soilexplorer.net)
could be used to deliver useful soils information to farmers. The Soil Explorer app provides a
way of providing soil maps along with soil and management information for the different soil
types and properties on a portable device like a smartphone or an iPad. The user taps the map at
the point of interest, the Soil Explorer app then sends a query to a server, and the server responds
with location specific information that is then displayed in a popup window on the screen. The
popup can even display photos and diagrams if desired (Fig. 5.2).
5.5

Conclusions

Modeling of soil-landscape relationships at multiple spatial scales through integration of existing
soils information and expert knowledge with new soils information and technology using DSM
approaches is essential for producing more reliable soil predictions in Kenya. Also, transfer of
expert knowledge to the next generation soil scientists and researchers is needed in order to
rescue expert knowledge at risk of being lost. Knowledge-based DSM approaches could be
useful in producing detailed, high resolution predictive soil maps using only limited data.
There is a necessity for collaboration and contribution of public and private institutions that
support soil-related initiatives. Also, more effective and efficient methods of delivering soils
information to farmers, either directly or through extension officers, are needed. This will require
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more staffing, better education and training for the extension officers. Availability of relatively
affordable cellphone networks and Internet in Kenya provide a premise for providing and
delivering more soils information to farmers through e-extension.
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Figure 5.1. Mobile phone, mobile money and internet penetration in Kenya (Baumuller, 2016 with
permission).

Figure 5.2. Illustration on querying a soil map using the Soil Explorer app (https://soilexplorer.net)
on an iPad.

Table 5.1: Examples of m-services companies in Kenya as of June 2013 (Adapted from Baumuller, 2016, with permission).
m-service company

Type of information

ArifuMkulima www.mfarmerkenya.org

Crop and animal diseases and pests, weather patterns, farm inputs,
financing and extension services

M-Farm www.mfarm.co.ke

Daily crop price information, selling of produce, purchasing of inputs
(on hold), start date: October 2010

Kenya Agricultural Commodity Exchange

Weekly crop price information, Soko Hewani to sell produce through

www.kacekenya.co.ke

radio auctions, start date:1997 (company)

SokoPepe www.sokopepe.co.ke

Agricultural information (e.g., climate changes, product prices, services
for farmers, agricultural methods), selling of produce, start date: October
2010

SokoShambani www.mfarmerkenya.org

Mobile trading platform to link potato farmers and restaurants

Kuza Doctor www.backpackfarm.com

Agricultural production information for 10 crops (20 crops planned) in
English & Swahili (Luganda planned), start date: August 2011
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M-Kilimo http://mkilimo.esrf.or.tz

Agricultural information (e.g., land preparation, planting, pest management,
harvesting, postharvest and marketing), date: 2009–2011

National Farmers’ Information Service (NAFIS)

Agricultural information (e.g., crops, livestock, market prices on inputs and

www.nafis.go.ke

outputs, other info), start date: April 2008

Maize Variety SMS Service www.kephis.org

Information on the most suitable maize variety to grow in the division

iCow www.icow.co.ke

Livestock production information (e.g., info about local services, record
keeping, best practice, cow calendar) and virtual livestock market, start date:
June 2011

Frontline SMS Radio radio.frontlinesms.com,

e.g. The Organic Farmer, Pur Mariek (farm wisely) on Radio Nam Lolwe,

www.organicfarmermagazine.org

agricultural information on the radio in response to farmers’ questions

FarmerVoice Radio www.farmervoice.org

Agricultural information, start date: July 2009

ACRE (formerly Kilimo Salama)

Insurance to protect crops against drought or flood, start date: 2009

kilimosalama.wordpress.com
Index-based livestock insurance

Insurance against drought-related livestock mortality,

livestockinsurance.wordpress.com

start date: January 2010

Agrimanager www.virtualcity.co.ke

Supply chain management, start date: 2010

Farmforce www.farmforce.com

Supply chain management, start date: 2012
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6. CONCLUSIONS AND FUTURE WORK

6.1

Major findings

From the first study, integration of legacy data, expert knowledge, soil-landscape relationships
drawn from terrain attributes, and visual interpretation of aerial imagery better captured the soillandscape relationships present on the Uasin Gishu Plateau and provided more detailed, high
resolution soil type, effective soil depth, soil moisture storage capacity and soil drainage class
maps compared to existing soil maps. The soil information contained in the predicted soil maps
was represented as gridded continuums compared to the existing polygon-based soil maps where
soils are represented as discrete units and hence do not capture the continuous variability of soils
in nature. The knowledge-based soil mapping approach utilized in this study was feasible in
rescuing and “bringing back to life” the existing soil information and expert knowledge. This
approach did not require large datasets to predict soil types and properties and worked well with
limited data. The results of this study were evaluated for the first time and showed good
agreement with independent field data.
From the second study, utilization of landform pattern recognition and classification using
geomorphons showed a strong relationship with soil types and hence was useful in establishing
soil-landscape relationships. As found in the first study, geomorphons also provided more
detailed, high resolution soil type maps compared to existing soil maps. Although the evaluation
results showed that the first approach performed better than the geomorphons approach of
mapping, the soil types (inferred from geomorphon units) obtained correlated to geomorpho-
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pedological processes that defined soil variations and differences. Geomorphons had the
shortcoming of mild spatial scattering of some of the geomorphon units possibly from pixel by
pixel based classification effects and coarse DEM resolution, and did not predict all the expected
soil types. Two soil types, Regosols and Cambisols, which occurred on the lava steps and edge
of the plateau were not captured in the predictive soil type map using geomorphons, but was
captured with the more comprehensive approach taken in the first study. Although the
geomorphons approach is limited in that it only classifies landscapes according to shape, it is
computationally efficient and therefore can be used for large areas.
The detailed, high resolution soil maps obtained from these two studies are likely to be useful to
end users such as researchers, scientists, modelers, engineers, students, farm advisors and
farmers. Use of these soil maps by farmers could lead to better informed decisions on agronomic
practices and possibly lead to more farm yields and higher profits. Both approaches encompassed
both qualitative and quantitative approaches of digital soil mapping compared to the traditional
methods of mapping where only qualitative approaches are used. The predicted soil maps from
these two approaches were explicit, consistent and less expensive to produce compared to
existing soil maps and can be updated as new soil information becomes available.
In both studies, some known shortcomings were present. Although preprocessing of the 30m
SRTM DEM was done to minimize “noise” coming from unnecessary micro-relief, there were
some artifacts. For example, some of the elevation differences in the SRTM DEM were observed
to be due to the presence of forests or rows of trees, which could have affected prediction of soil
types. The delineation of the plateau into Upper and Lower Plateau geomorphic units created an
abrupt boundary that was visible on all the maps. Also, the maps could not account for wet soils
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known to be present in the southern part of the Lower Plateau that are probably due to increased
rainfall in that area.
From the review chapter of this dissertation, we concluded that use of knowledge-based DSM
techniques such as those used in chapters 3 and 4, which are applicable in the presence of limited
soil data, could prove useful in mapping soils at a detailed, higher resolution in Kenya. Although
detailed, higher resolution soil maps could be useful to farmers in Kenya, the availability and
delivery of this information to farmers through provision of soil, crop and land use management
information needs to be addressed at all institutional levels. There is a need for collaboration and
contribution from both public and private sectors that support soil-related initiatives with the aim
of providing their products to farmers. Strengthening of public and private partnerships to
increase spatial coverage of soils information and its availability is needed. Availability of
relatively affordable cellphone networks and internet in Kenya provides a means for providing
and delivering detailed, high resolution and location-specific soils information to farmers
through e-extension. Soils information provided on a platform like the Soil Explorer app
(SoilExplorer.net) could be readily accessed and utilized by organizations, extension officers and
farmers in Kenya which could lead to better informed decisions on agronomic practices.
6.2

Future work

We plan to utilize a software platform, Soil Explorer (SoilExplorer.net), already developed as
part of the Integrating Spatial Educational Experiences (Isee) project, to publish the soil maps
produced in this dissertation so that they will be available for visually-aided learning at
universities such as the University of Eldoret and Moi University, and for use by extension
officers and farmers who farm on the Uasin Gishu Plateau, Kenya. Soil Explorer consists of a
website (SoilExplorer.net) and iPad and Android-based apps that display spatial data streamed
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from a server. Soil Explorer is versatile and extensible and can be used without additional
modifications to publish the soil maps presented here. Hosting the maps and data on a server,
rather than locally within a mobile device, has the advantage that updates made to the maps on
the server are reflected immediately in what is displayed on the mobile devices in the field.
Therefore, maps and data can be easily updated as better information becomes available. The
maps and map products will also be deposited in the Purdue University Research Repository
(PURR).
Cellphone coverage through networks such as Safaricom, Airtel, and others in the Uasin Gishu
Plateau, is remarkably good throughout and 3G internet coverage is available in Eldoret town
and its surroundings. During the field survey, we were able to use iPad Minis regularly on such
3G connections in the rural areas of the Uasin Gishu Plateau. In the future, we hope to test and
demonstrate the delivery of the predicted soil maps to farmers in the Uasin Gishu Plateau using
the Soil Explorer app.
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APPENDIX A. SOIL MAP UNITS FROM THE LBDA SOIL MAP (Adapted from Andriesse and van der Pouw, 1985 with
permission).
Soil map unit (with geology descriptions)

Description

BI1-Soils developed on infill derived from Poorly drained, moderately deep to deep, grey to dark grey, mottled, firm clay, with
intermediate igneous rocks (phonolites)

a humic topsoil; in places over petroplintite (mollic GLEYSOLS, partly petroferric
phase)

Uh1-Soils developed on intermediate

Well drained, very deep to extremely deep, dark red to dark reddish brown, friable

igneous rocks (andesites, phonolites,

clay (eutric NITISOLS)

syenites, etc.)
VIC-Soils developed on intermediate

Complex of:

igneous rocks (phonolites)

well to imperfectly drained, very shallow to moderately deep, dark red to dark
reddish brown, friable clay; over petroplinthite or rock; in many places mottled; in
places rocky; on valley sides (ferralic and gleyic CAMBISOLS and rhodic
FERRALSOLS, petroferric and lithic phases;
poorly drained, moderately deep to deep, dark grey to grey, mottled, firm clay, with
a humic topsoil; in many places over petroplinthite; in valley bottoms
mollic GLEYSOLS, partly petroferric phase)
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APPENDIX A, CONTINUED. SOIL MAP UNITS FROM THE LBDA SOIL MAP (Adapted from Andriesse and van der
Pouw, 1985 with permission).
LIC-Soils developed on intermediate igneous rocks

Well drained, moderately deep to deep, yellowish red, friable

(phonolites, syenites, trachytes, etc.)

clay; over petroplinthite; in places shallow (orthic
FERRALSOLS, petroferric phase)

LIA-Soils developed on intermediate igneous rocks

Well drained, moderately deep to deep, yellowish red, friable

(phonolites, syenites, trachytes, etc.)

clay; over petroplinthite; in places shallow (orthic
FERRALSOLS, petroferric phase)

RB5-Soils developed on Tertiary basic igneous rocks

Somewhat excessively drained, shallow to moderately deep, dark

(basalts, nepheline phonolites; older basic tuff s

brown to brown, friable to firm., bouldery, rocky clay, with a

included)

humic topsoil; on agglomerates of phonolitic and nephelinitic
composition (RANKERS and haplic PHAEOZEMS, bouldery
and partly lithic phases and Rock Outcrops)
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APPENDIX B. EFFECTIVE SOIL DEPTH (ESD) EXTRACTED FROM THE LBDA
SOIL MAP (Adapted from Andriesse and van der Pouw, 1985 with permission).
Existing Map Unit

Lower limit (cm)

Upper limit (cm)

Mean Value (cm)

BI1

50

120

85

RB5

25

50

37.5

LIA

50

120

85

LIC

50

120

85

Uh1

120

180

150

VIC

50

120

85

APPENDIX C. SOIL MOISTURE STORAGE CAPACITY EXTRACTED FROM THE
LBDA SOIL MAP (Adapted from Andriesse and van der Pouw, 1985 with permission).
Class

Description Value (mm)

1

Very high

˃ 160

2

High

120 - 160

3

Moderate

80 - 120

4

Low

˂ 80
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APPENDIX D. SOIL DRAINAGE CLASSES EXTRACTED FROM THE LBDA SOIL
MAP (Adapted from Andriesse and van der Pouw, 1985 with permission).
Class

Description

1

Excessively and somewhat excessively drained

2

Well drained

3

Moderately well drained

4

Imperfectly drained

5

Poorly and very poorly drained

APPENDIX E. SOIL POINT OBSERVATIONS
PointID

Latitude

Longitude

Soil type

PointID

Latitude

Longitude

Soil type

1

3930673

69361.54

Luvisols/Gleysols

26

3929764

42301.72

Ferralsols

2

3930790

71974.03

Luvisols/Gleysols

27

3917055

46785.55

Luvisols/Gleysols

3

3930685

76295.41

Luvisols/Gleysols

28

3951146

70791.63

Acrisols

4

3939172

70223.65

Luvisols/Gleysols

29

3949880

65274.6

Acrisols

5

3939643

74798.28

Luvisols/Gleysols

30

3949407

62322.24

Acrisols

6

3925818

81362.39

Luvisols/Gleysols

31

3950960

57942.49

Nitisols

7

3923963

80888.47

Ferralsols

32

3958736

50888.8

Nitisols

8

3913380

77214.75

Ferralsols

33

3948439

44581.59

Nitisols

9

3915394

70353.23

Ferralsols

34

3948452

44557.99

Nitisols

10

3922726

62732.77

Regosols

35

3958339

43608.89

Nitisols

11

3916934

67539.58

Luvisols/Gleysols

36

3956087

41973.87

Nitisols

12

3909692

68179.59

Ferralsols

37

3947243

42239.27

Acrisols

13

3918502

58527.27

Luvisols/Gleysols

38

3947183

42139.08

Acrisols

14

3922584

57391.09

Luvisols/Gleysols

39

3947811

41707.48

Acrisols

15

3923366

56436.82

Luvisols/Gleysols

40

3947745

41775.16

Acrisols

16

3935924

40609.85

Luvisols/Gleysols

41

3958479

40834.94

Nitisols

17

3935170

38795.3

Luvisols/Gleysols

42

3958985

38788.15

Nitisols
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18

3934019

36860.98

Luvisols/Gleysols

43

3960451

38435.07

Nitisols

19

3940038

72947.69

Luvisols/Gleysols

44

3960098

36704.69

Nitisols

20

3916714

69050.38

Ferralsols

45

3948052

36411.02

Acrisols

21

3941669

57082.95

Luvisols/Gleysols

46

3960313

35722.28

Nitisols

22

3939597

61319.39

Ferralsols

47

3948714

35057.69

Acrisols

23

3940215

44590.05

Luvisols/Gleysols

48

3948925

34565.43

Acrisols

24

3940246

44435.43

Luvisols/Gleysols

49

3956147

27585.5

Nitisols

25

3935793

40229.91

Luvisols/Gleysols

50

3955057

27357.07

Nitisols
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APPENDIX F. SOIL PROFILE AND LANDSCAPE PHOTOGRAPHS OF SOIL TYPES

1. Ferralsols

Photo credits: D. G. Schulze, with permission

2. Gleysols

Photo credits: D. G. Schulze, with permission
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3. Acrisols

Photo credits: D. G. Schulze, with permission

4. Cambisols

Photo credits: D. G. Schulze, with permission
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5. Regosols

6. Nitisols

Photo credits: D. G. Schulze, with permission

Photo credits: J. O. Minai, with permission

